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“It’s the questions we can’t answer that teach us the most.
They teach us how to think. If you give a man an answer,
all he gains is a little fact. But give him a question

and he’ll look for his own answers.”

Patrick Rothfuss, The Wise Man’s Fear
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Abstract

The advances in monolithic microwave integrated circuits have enabled the miniaturization
and integration of radar systems into a wide range of devices. Consequently, these systems
are currently utilized in diverse environments, including automotive, security, industrial,
structural health monitoring, and even in biomedical and healthcare contexts. Indeed, the
non-contact monitoring of human vital signs with radar has become an active research area
in recent years. This has been further emphasized following the emergence of the COVID-19
pandemic and the increasing interest in home monitoring and telemedicine.

Traditionally, radars have been employed to measure the displacement of the chest wall due
to breathing and heart movements. However, radar monitoring allows for the extraction of
heartbeat and respiration, as well as the measurement of other biomarkers that can provide
significant information in the detection of certain cardiovascular diseases. This Ph.D. thesis
focuses on the feasibility of using radar technology for non-contact monitoring of vital signs.
The initial section of the thesis examines radar technology with the objective of identifying
the optimal configuration for this application. This includes a comprehensive comparison
between the two main radar configurations used in the literature: continuous-wave and
linear-frequency-modulated continuous-wave configurations.

The second part of this thesis examines the different vital signs and biomarkers that can be
obtained using radar technology. It analyses different algorithms to determine the optimal
signal processing for extracting some biomarkers from heart activity. Furthermore, a radar
configuration to evaluate the carotid-femoral pulse wave velocity is presented, which is the
gold standard for evaluating arterial stiffness.

Finally, the last part of this thesis addresses the challenges that must be overcome in order for
radar technology to become a viable solution for vital sign monitoring in daily life scenarios.
These challenges include multi-target monitoring scenarios, radar focusing and vital signs
extraction during target movement. Furthermore, a real-time vital sign monitoring application
has been developed, that allows the simultaneous monitoring of multiple targets in real-world
scenarios. This application represents a preliminary prototype that can also be used for
sleep-monitoring scenarios, as it is capable of detecting apnea periods. This represents a
preliminary step towards obstructive sleep apnea monitoring.
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Resumen

Los avances en circuitos monoliticos integrados de microondas han permitido la miniaturizacion
e integracion de los sistemas radar en una multitud de dispositivos. Esto ha posibilitado su
uso en diversos campos, entre los que se incluyen la automocion, la seguridad, la industria,
la monitorizaciéon de estructuras e incluso en entornos biomédicos y de salud. De hecho,
la monitorizacién sin contacto de senales vitales con tecnologia radar se ha convertido en
un activo campo de investigacién en los tiltimos anos. Esto se ha visto impulsado por la
emergencia sanitaria que supuso la pandemia del COVID-19 y el creciente interés en la
monitorizacion domiciliaria y la telemedicina.

Tradicionalmente, los radares se han empleado para medir el desplazamiento del pecho provo-
cado por los movimientos de la respiracion y del corazén. Sin embargo, la monitorizacién
radar permite extraer la senal de respiracion y latido, y, ademas, medir otros biomarcadores
que proporcionan informacién importante para la deteccién de ciertas enfermedades cardio-
vasculares. Esta Tesis Doctoral se centra en la viabilidad de utilizar la tecnologia radar como
herramienta para la monitorizacién sin contacto de senales vitales. La primera parte de esta
tesis analiza la tecnologia radar con el objetivo de identificar la configuracion éptima para
esta aplicacion. Esto incluye una comparacion en profundidad entre las dos configuraciones
de radar mas utilizadas en la literatura: los radares de onda continua y los radares de onda
continua y frecuencia modulada.

La segunda parte de esta tesis analiza las distintas sefiales vitales y biomarcadores que pueden
medirse con tecnologia radar. En ella se analizan los distintos algoritmos para determinar el
sistema de procesamiento 6ptimo para extraer algunos biomarcadores de la actividad cardiaca.
Ademads, se presenta una configuraciéon radar para monitorizar la velocidad de la onda del
pulso desde la arteria cardtida a la femoral, que es el estandar de referencia para evaluar la
rigidez arterial.

Por dltimo, esta tesis aborda los distintos desafios que deben superarse con el objetivo de
que la tecnologia radar sea una soluciéon viable para la monitorizacién de sefiales vitales en
escenarios reales. Entre estos desafios, se destacan la monitorizacion simultanea de distintas
personas en el mismo escenario, el apuntamiento del sistema radar y la extraccion de senales
vitales cuando el blanco estda en movimiento. Ademas, se ha desarrollado una aplicacion
para la monitorizacién en tiempo real de senales vitales de varias personas simultaneamente
en escenarios reales. Esta aplicacién es un prototipo preliminar que puede usarse para la
monitorizacion del sueno, ya que es capaz de detectar episodios de apnea, y supone un primer
paso hacia la monitorizacion de la apnea obstructiva del sueno.
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Chapter 1

Introduction

The microwave and millimeter-wave bands are the regions of the electromagnetic spectrum
between the radio and sub-millimeter waves, as shown in Fig. 1.1. The microwave band
includes the frequencies in the range of 3 to 30 GHz, while the millimeter-wave band includes
the frequencies in the range of 30 GHz to 300 GHz.

3 GHz 30 GHz 300 GHz 3THz Frequency
Radio Microwaves Millimeter- Submillimeter- Infrared
waves waves waves

10 cm 1cm 1 mm 100 pm Wavelength

Figure 1.1: Region of the electromagnetic spectrum between the radio and infrared waves bands.

1.1 Overview and Radar Applications

The first use of the microwave and millimeter-wave bands dates back to the 1890s, when Hertz
performed the first experiments to confirm the Maxwell’s theory predicting the existence
of radio waves. The first wavelengths generated by Hertz were produced with a spark-gap
generator in the centimeter range [Wilt 84]. During that decade, following the methods used
by Hertz, wavelengths detection were reported in the millimeter range by Bose [Rams 67].

However, it was not until World War II that the use of the microwave and millimeter-wave
spectrum became of great interest due to the use of radar technology. At this time, radars
were beginning to incorporate the latest developments in radio wave generation based on
vacuum tube configurations, such as the klystron [Ginz 76] or the cavity magnetron [Boot 76].
During this period, the line of investigation was focused on moving to higher frequencies with
the aim of obtaining better angular resolution and reduce the antenna size, so radars could be
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more mobile [Jame 89]. The typical airborne radar operated in X-band and during the war
there were developments in K-band (around 24 GHz) [Skol 62]. After the war, microwave and
millimeter-wave research was focused on spectroscopy and conventional radio communications
[Beri 46, Wart 77].

During the 1950s and 1960s experiments in both bands were widespread, highlighting radars
at 70 GHz [Butt 81], high power sources extended upward to 120 GHz [Krol 54, Van 59], the
research on new transmission lines and mixer diodes [Olin 84], radio astronomy [Hadd 58],
communications [Sobo 84] and passive sensing systems [Cohn 63]. This development was
slowed down by the advent of lasers in the mid-1960s, which took a large portion of the
financing resources. Nevertheless, most of the research lines were resumed by the 1970s, when
oscillators at 35 GHz started to become commercially available, because of the development
of both Gunn and IMPATT diodes [Wilt 84].

These advances in solid-state devices and integrated circuits allowed the technology to be
commercialized and used in other applications. Thus, although radar was motivated by
military applications, radar technology has continued to develop in a variety of defense and
civilian applications. Regarding military applications, radars have been used, for instance, in
missile guidance systems [Maly 06], in airborne radar synthetic aperture systems for target
recognition on the battlefield [Ream 93, King 16|, or target tracking [Yan 22]. Indeed, the
rapid advancement of unmanned aerial vehicles (UAVs) as combat weaponry has reaffirmed
the critical role of radar technology as a detection mechanism for such dangers. Consequently,
there is a pressing need to devise radars or sensors, enabling them not only to detect targets
with minimal radar cross-section (RCS), but more importantly, to maintain continuous
tracking of their trajectory over time [Farl 21, Zhan 23].

On the other hand, the use of radar also stands out in civil applications. Two major groups
of radar applications can be distinguished. The first group is related to long-range radar
monitoring, which involves tasks such as monitoring the Earth’s surface [Amit 21|, oceans,
planetary observation [Pisa 21|, and tracking natural phenomena like earthquakes, volcanoes,
or landslides [Li 19b], standing out the interferiometric synthetic aperture systems (InSAR).
Conversely, short-range applications, which encompass tasks like structural health monitoring
[Arno 18], security [Ahme 21], industrial applications [Geig 19], automotive applications
[Dokh 19], as well as biomedical and in healthcare contexts [Taba 21, Liu 21]. Fig. 1.2 depicts
the interest in some of the aforementioned topics, which have been evaluated based on the
number of publications in the Web of Science (WoS), considering articles, book chapters,
reviews, letters, and patents.
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Figure 1.2: Number of publications (articles, book chapters, reviews, letters and patents) in WoS
for some radar topics since 1975.

1.2 Healthcare Radar Applications

In the field of biomedical applications, there has been a growing interest in non-contact health
monitoring techniques, including radar technology, over the past few decades. Demographic
changes in recent decades point to an aging population as one of the main reasons. As
stated by authors in [Amin 16], the worldwide elderly population is growing and is projected
to increase to one billion in 2030. Consequently, investment in non-contact technology to
assist the elderly can potentially extend their life expectancy while simultaneously reducing
healthcare costs associated with elder care [Dark 08, Gurb 19, Le K 19]. Home monitoring
and telehealth allow early detection of worsening conditions, which would decrease these
costs by reducing the number of hospital admissions and bed days of care. Moreover, the
recent pandemic caused by COVID-19 has once again highlighted the importance of this
issue. Remote vital sign monitoring is of particular importance as it alleviates pressure on
hospital resources, facilitates post-surgery monitoring, and enables early detection of health
complications, thereby reducing hospital costs and the duration of care needed. Indeed,
between 2007 and 2017, healthcare expenditure grew by almost 80% in Australia and by 50%
in the USA [Worl].

Consequently, there are a number of healthcare applications where radar technology appears
to offer a promising solution in the aforementioned scenarios. These applications, presented
in Fig. 1.3, can be divided into two major groups:

o Human activity monitoring applications: These include applications that typically
involve the monitoring of the Doppler and range-time signature of diverse body parts.
For instance, it is possible to detect falls [Amin 16] or extract motor biomarkers from
the micro-Doppler signature of the gait to detect diseases such as Parkinson’s dis-
ease [Lope 23].

« Vital sign monitoring application: These include those that are directly related to vital
sign monitoring and the biomarkers that can be extracted from them. For instance, the

3
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direct monitoring of breathing and heart rates or the identification and classification of
the different sleep stages.

Healthcare Radar

‘ Applications ﬂ
Monitoring
(CENAGEIVATE Fall Detection VL ST Emotpp
Measurement Recognition
Activity Occupancy Sleep Biometric
Recognition Detection

Figure 1.3: Principal healthcare applications of radar technology.

Monitoring Identification

Fall detection

The topic of fall detection, and in particular, elderly fall detection, is a significant area of
interest in healthcare scenarios, due to the aging population. Indeed, one in three elderly
individuals over the age of 65 will fall each year, with this percentage rising for those residing
in long-term care facilities [Amin 16]. Radar technology, combined with machine learning
techniques, enables the identification of falls in individuals [Sadr 21, Yao 22].

Occupancy detection

Radar technology is also used to detect the presence of people in a location. Although
the majority of these applications are focused on counting the number of people in a in-
door environment for energy saving purposes (turning lights on/off, adjusting room tem-
perature...) [Sant 18, Isla 23|, it can also be used to locate trapped or injured people in
post-disaster search and rescue applications [Shi 23].

Activity recognition

Radar technology is also used in activity recognition, specially because of its privacy protection.
For this application, radar technology are also combined with deep learning techniques, where
the range-Doppler information is analyzed to identify and classify the activity [Li 19a]. Within
the activity recognition, there are applications focused on classifying large movements such
as jumping, sitting or walking [Wang 21|, and others focused on analyzing gestures such as
monitoring food intake [Wang 24] or gestures for human-computer interaction [Lien 16].

Gait Analysis

The interest in home monitoring has increased the attention on gait analysis. Continuous
monitoring of gait changes helps to assess recovery from physical injuries. It also enables early
diagnosis of various diseases, including neurodegenerative diseases such as Parkinson’s, and
facilitates the study of disease progression to design appropriate treatment [Seif 19, Lope 23].
To this end, radar technology offers a non-contact solution that can analyze and separate the
micro-Doppler signatures of different parts of the body, such as knees or feet.

4
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Vital sign measurement

The primary application of radar for vital signs monitoring is the direct measurement of
vital signs and the extraction of various biomarkers. This is the basis of other applications
related to vital signs monitoring, which analyze respiratory and cardiac information for a
more specific purpose. This thesis focuses on the development of radar technology and signal
processing techniques for cardiorespiratory signal analysis and biomarker extraction.

Sleep monitoring

Sleep quality and quantity is another area of research where radar technology has gained
significant interest. This field can be divided into two main categories: applications related to
physiological disorders such as obstructive sleep apnea (OSA) and applications that assess sleep
quality by identifying the different states of consciousness during wakefulness and the different
sleep stages (REM, light, and deep sleep) [Toft 20, Park 24]. OSA diagnosis is confirmed with
a polysomnogram (PSG), which requires the subject to be fully wired in a sleep center, causing
discomfort and affecting the quality of sleep, and the final diagnosis [Kang 20, Lube 23]. The
utilization of radar technology provides a non-contact monitoring solution that may result in
a more convenient and potentially more accurate alternative.

Emotion recognition

Emotion recognition is a new field of study that has attracted much interest in the research
community. Emotions have an impact on human life in aspects such as attention, cognition,
or mental health. There are studies that use radar technology to identify emotions (joy,
pleasure, sadness or anger) [Zhao 16, Gouv 20| or inferring a person’s stress level [Ha 21].
These applications are based on analyzing the breathing and heart patterns of these emotions
using machine learning techniques.

Biometric identification

Radar-based identity authentication using vital signs analysis is also an emerging research
topic. Some research has shown that respiration-related biomarkers and cardiac signals can
be used for personal authentication [Isla 21, Silv 24]. In addition, studies have shown that
ECG signals can be used for this purpose due to their high inter-person variability [Melz 23].
Compared to other authentication systems, radar has the advantage of being non-invasive
and non-contact.

Although all the above applications are related to human activities, it is important to
emphasize that these applications are extended to animal monitoring. For example, it is of
particular interest in livestock farming to make production more efficient and accurate by
obtaining information on the animal’s status [Yin 23]. In addition to the obvious advantage
of non-contact monitoring, radar has the advantage of being able to monitor the vital signs of
animals through their hair or fur [Saka 24].

1.2.1 Vital sign monitoring techniques

In addition to the aforementioned aging of the population and increase in life expectancy, it
is important to note that a growing percentage of the population suffers from cardiovascular
diseases [Kons 12]. The data provided by the World Health Organization (WHO) for the
2000-2019 period indicates that the causes of death globally are as illustrated in Fig. 1.4. This
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figure shows that 40% of deaths are attributable to cardiorespiratory diseases, with nearly
one-third being cardiovascular in nature. Ischemic heart disease represents the leading cause
of global mortality, accounting for 16% of total deaths worldwide. In 2019, this resulted in
8.9 million deaths. Stroke and chronic obstructive pulmonary disease are the second and
third leading causes of death, respectively, accounting for approximately 11% and 6% of total
deaths [Worl 20]. Consequently, the ability to monitor cardiorespiratory activity is a key
factor in the early detection of these conditions, allowing prompt intervention and treatment.

Conversely, the non-contact monitoring of cardiopulmonary activity has also gained attraction,
representing a promising solution to overcome difficulties in certain scenarios where the use of
traditional contact-based technologies is not feasible or desirable. Such scenarios include, for
instance, sleep monitoring, monitoring of patients in a burn unit, post-surgery monitoring, and
newborn infant monitoring [Bori 15, Anto 18, Tata 18]. This technology allows for remote
control and monitoring without the need for a wired system. It provides a more comfortable
situation for the patient, which in turn leads to more accurate diagnoses.

Causes of death globally (2000-2019)

Cardiovascular
29%

Cardiorespiratory

40%

Respiratory
11%

RESPIRATORY CARDIOVASCULAR

Lower respiratory Kidney disease

infections

M Stroke
M Chronic obstructive

pulmonary disease M Ischemic heart
disease

Figure 1.4: Causes of death globally reported by the WHO in the 2000-2019 period.

Cardiopulmonary activity monitoring is based on measuring one or more physiological effects
of mechanical or electrical nature occurring in the heart, the lung, or both. The traditional
cardiorespiratory monitoring techniques require contact or invasive interactions with the
patient. Indeed, all the gold standard techniques used in vital sign monitoring require invasive
or contact-based sensors, as shown in Fig. 1.5.

The gold standard technique for heart rate monitoring is the electrocardiogram (ECG).
The ECG is a measure of the electrical changes of the heart over time, as a result of the
muscle cells depolarization during each cardiac cycle [Viea 15], which are recorded through
electrodes located at different body locations. Regarding to the respiratory rate, there is
not a gold standard technique [Loug 18]. However, several reference standards have been
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Figure 1.5: Gold standard for monitoring different vital signs: heart rate, blood pressure, respira-
tory rate and body temperature.

suggested, ranging from expert visual or auditory manual counting to video recordings with
manual or automated extraction of respiratory rate, as well as the use of capnography, which
is considered by many experts to be the gold standard [Anse 19]. The capnography method
involves the measurement of the partial pressure of carbon dioxide (CO,) in exhaled breath,
expressed as the concentration of CO5 over time [Krau 16].

On the other hand, the monitoring thorough an intra-arterial catheter is the gold standard
technique for blood pressure monitoring. However, other noninvasive techniques are also widely
used and can be considered as gold standard for BP monitoring, such as using ascultatory
methods [Grim 16], or mercury sphygmomanometer [Oged 10]. Following the ban on mercury
usage, electronic devices have largely replaced mercury sphygmomanometers.

However, the use of these contact sensors is neither possible nor desirable in many situations.
To overcome this limitation, several non-contact-based devices have been developed for
cardiorespiratory monitoring: video-based motion analysis methods [Wu 12], laser-based
methods [Hong 97], thermal methods [Abba 11], or radar monitoring. Most of them are
based on the body surface displacement caused by organ motion and deformation and
fluid displacement caused by breathing and heartbeat as explained in [Brus 15]. The main
characteristics of these non-contact monitoring techniques are listed in Table 1.1. This
table also encompasses the ballistocardiograph (BCG) [Star 39] and the seismocardiograph
(SCG) [Zane 91], which, although contact-based, are employed to monitor cardiorespiratory
activity by analyzing chest wall motion. Nevertheless, they are not normally used in clinical
environments due to lack of reliability, accuracy, and automatization [Bori 15]. The aim
of this thesis is to to improve the understanding of radar technology as a monitoring and
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diagnostic tool.

Table 1.1: Main characteristics and limitations of non-contact devices for cardiorespiratory moni-

toring.

Non-Contact
Devices

Working Principle

Limitations

Laser-based

Method that measures chest displace-
ment using light.

Only capable of monitoring one sub-
ject at a time.

High cost.

Video motion
monitoring

Method that films the displacement of
the body surface.

Sensitive to illumination.

Privacy.

Thermal-based

Method that measures temperature
changes and allows a representation of
the heartbeat and breathing.

Sensitive to ambient temperature.

High cost.

Ballistocardiograph

Method that obtains the heartbeat and
breathing due to repetitive movements
of the human body, occurring because of
acceleration of blood as it is ejected and
moved in the vessels during the cardiac
cycle.

Artifacts due to target motion.

Complexity of the system: sensors
and accelerometers.

It requires a direct mechanical cou-
pling with the subject.

Only capable of monitoring one sub-
ject at a time.

Seismocardiograph

Method that measures the heartbeat and
breathing due to the vibrations of the
chest wall.

Artifacts due to target motion.

High sensitivity owing to sensor lo-
cation and accelerometer axes ori-
entation.

It requires a direct mechanical cou-
pling with the subject.

Only capable of monitoring one sub-
ject at a time.

Radar-based

Method that analyzes the displacement
of different parts of the body caused by
breathing and cardiac activities.

Artifacts due to interfering move-
ments resulting from target mo-
tion 1.

I Radar-tracking algorithms could be used to mitigate artifacts due to target motion.

Therefore, radar technology offers several advantageous features compared to the other
techniques [Amin 17, Ahma 22]:

» Non-contact monitoring: Radars enable remote sensing capabilities, making it possible

to monitor multiple targets without direct contact.
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o High Accuracy: Radars are capable of detecting small displacements in the micrometer
range, enabling precise monitoring.

o Day & Night Detection: Regardless of ambient light conditions, radar systems provide
continuous monitoring for reliable day and night operation.

o Privacy-Preserving: Radar-based monitoring techniques facilitate privacy-preserving
operations by collecting data without compromising sensitive information, ensuring
confidentiality and compliance with privacy regulations.

« Portability: Radar sensing devices are designed to be portable, featuring low-power
consumption and wireless interconnectivity, facilitating seamless integration into various
monitoring setups and environments.

o Cost-Effectiveness: With the potential for scalability and network formation, radar
sensors offer a cost-effective solution for short-range monitoring applications, with
individual sensor nodes available at a low unit cost, making them suitable for large-scale
deployments.

1.2.2 Radar for vital sign monitoring

The non-contact detection and monitoring of cardiopulmonary activity using radar technology
has been known since 1975 [Lin 75]. However, until the late 1990s, when advances in
technology enabled the integration of a radar on a single chip, rendering the technology
compact, lightweight, mass-produced, and inexpensive [Li 17], it was not considered a viable
option.

During the last two decades, studies have highlighted the numerous advantages of this
method for cardiopulmonary activity monitoring, which make it an ideal technology for
home monitoring or telemedicine: measurements from distances in the order of meters or
even through walls are possible [Kun 00], accurate measurements independent of person
orientation [Siyi 15], and unobtrusive measurements to the subject (no need for sedation or
drugs, no need to stand still, and the subject can be fully clothed [Lee 14]), which means
that regular daily activities can be performed while being measured. Indeed, the authors
of [Bjar 04] conducted an analysis of the attenuation of eight common garment materials,
including nylon, leather, wool, linen, denim, and silk, across a range of frequencies between
100 GHz and 1.2 THz. Their findings demonstrated that the attenuation was consistently
below 3 dB across all frequencies until 350 GHz.

The main approach behind radar-based vital signs detection is the measurement of chest
vibrations resulting from the mechanical effects of breathing and the cardiac cycle. Table 1.3
lists different approaches carried out for vital sign monitoring using continuous-wave (CW),
frequency-modulated continuous-wave (FMCW) and ultra-wideband (UWB) radars.
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However, radar technology still has a number of challenges that need to be addressed to make
it practical for real-world applications [Sing 21, Isla 22a, Fior 23]:

o There is no consensus or analysis to determine which radar configuration is better for
vital signs monitoring.

o Radar technology has to deal with multi-subject monitoring scenarios, where it is
necessary to isolate and separate the respiratory and cardiac information of each person.

« Radar technology has to handle the movement of the target, where it is necessary to
track the subject’s movement or cancel out random body movements that can interfere
with vital sign extraction.

o Real-time implementation of this vital signs monitoring, since most of research is done
offline.

o Further research is needed in the processing algorithms to separate and extract the
respiration and heartbeat signals because of the need to deal with strong breathing
harmonics and coupling between these signals.

1.2.3 Health concerns related to millimeter-wave radiations

The growing number of investigations into the applications of millimeter-waves (mmWaves) has
prompted interest and concern regarding the potential biological safety implications [Wu 15].
Of particular concern is the potential for adverse health effects associated with prolonged
human exposure to mmWave radiation [Sing 21].

Unlike ionizing radiation such as ultraviolet or X-rays, mmWave radiation does not have
enough energy to reach the level necessary to remove an electron from an atom, which is
three orders of magnitude greater [Rapp 19]. Therefore, mmWave radiation is considered
harmless in terms of ionization risks. However, one concern that should be considered is
the heating effect caused by the absorption of mmWave energy [Gand 86]. The effects of
radio-frequency (RF) exposure are commonly studied using the specific absorption rate (SAR),
which represents the RF power absorbed by a living body [Inte 23]:

SAR (W) a4 (dW> _ glBF (1.1)

kg ~dt \ dm p

where dWW stands for the incremental energy dissipated in an incremental tissue mass (dm), o
denotes the tissue conductivity, E is the root-mean-square (rms) value of the electric-field
strength dissipated in the tissue, and p stands for the tissue mass density.

Scientific inquiry into the biological effects and health risks of RF radiation commenced in
the 1940s. In the 1960s, guidelines for limiting exposure to RF electromagnetic fields were
established to safeguard against the known adverse health effects [Lin 16]. These guidelines
are periodically revised and updated. Current guidelines impose basic restrictions and limits to
prevent the heating effect of absorption of mmWave radiation from increasing skin temperature
by more than 1°C, which is considered a safe threshold [Inte 98]. For that purpose, the Federal
Communications Commission (FCC) and International Commission on Non-Ionizing Radiation
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Protection (ICNIRP) have standardized safe exposure limits for electromagnetic radiation
at various frequency ranges [Inte 20]. For instance, Table 1.5 illustrates the fundamental
limitations for electromagnetic field exposure across a range of frequencies, from 100 kHz to
300 GHz, as established by the ICNIRP. These restrictions vary depending on the specific
body part being exposed. Additionally, the SAR limits are presented for two distinct exposure
scenarios:

e Occupational exposure: It stands for the individuals who are exposed under controlled
conditions associated with their occupational duties. These individuals are trained to
be aware of potential RF electromagnetic field risks and have the capacity to implement
measures to mitigate any adverse effects.

o General public exposure: It stands for the individuals of all ages and varying health
statuses, including those who are more vulnerable or have limited knowledge or control
over their exposure to electromagnetic fields.

Table 1.5: Electromagnetic field exposure restrictions from 100 kHz to 300 GHz, for averaging
intervals >6 min [Inte 20].

Exposure Frequency | Average | Local Head and | Local Limb Local
scenario range (GHz) | SAR Torso SAR SAR Su (W/m?)
: 0.0001 - 6 0.4 10 20 -
Occupational
6 — 300 0.4 - - 100
General 0.0001 - 6 0.08 2 4 -
public 6 — 300 0.08 - - 20

* SAR limits are provided in (W/kg).

1 Whole-body average SAR is to be averaged over 30 min.

2 Local SAR in to be averaged over a 10-g cubic mass.

3 Sa, which stands for the absorbed power density, provides a measure of the power absorbed in
tissue that closely approximates the superficial temperature rise. Local Sy is to be averaged over a
square 4-cm? surface area of the body. Above 30 GHz, an additional constraint is imposed, such that
exposure averaged over a square 1-cm? surface area of the body is restricted to two times that of the
4-cm? restriction.

By focusing on human exposure to radar technology, it can be compared to an element that is
used constantly in our daily lives, such as a cell phone. The power of the signal transmitted
by a commercial radar is 1000 times lower than the maximum power of a cell phone [Wan 14],

which makes this technology safer in comparison®.

It is also noteworthy that, at this time, there are more reports of the beneficial effects
than detrimental effects from low-level exposure to mmWave radiation. Indeed, several
researchers have indicated that mmWave radiation (42.2 GHz in [Loga 06], 50-80 GHz
in [Bene 09] and 61.22 GHz in [Radz 04]) has been effective in inhibiting tumor growth.

ndeed, following the radar equation [Skol 80] with the radars used in this thesis (Tables 2.1 and 2.2 from
Section 2.1), the minimum distance between the radar and the person to ensure the local value of Sab is
1.4 cm for the 134 GHz radar, 4.45 cm for the 24 GHz radar, and 2.96 cm for the 77 GHz radar.

12
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Moreover, several works have also reported that mmWaves can enhance the human immune
system [Roja 98, Maka 05, Zhad 11]. Nevertheless, it is essential to ascertain whether these
experiments can be replicated by independent researchers.

1.3 Thesis Motivation and Objectives

This thesis describes the feasibility of using radar technology for non-contact monitoring of
vital signs. The work contributes to the technological development in the areas of non-contact
vital signs monitoring and radar signal processing through the items summarized below:

1. Analysis of radar technology for vital signs with the aim of identifying the optimal
configuration for cardiorespiratory monitoring.

o Comprehensive comparison of LEFMCW and CW radar configurations carried out
at different operating frequency bands (24 and 134 GHz).

o Development of a radar phase extraction algorithm to deal with FFT bin target
migration and FFT bin phase distribution.

2. Analysis of the different vital signs and biomarkers that can be obtained from the radar
acquired target displacement signal.

o Analysis of the heart sounds for improving cardiac activity monitoring.

o Analysis of the optimal signal processing algorithm to evaluate the extraction of
the heart rate variability sequence.

e Development of a radar configuration to evaluate the measurement of the carotid-
femoral pulse wave velocity.

« Initial development and testing of a real-time cardiorespiratory activity monitoring
application using radar.

1.4 Thesis Organization

Aside from the introduction carried out in Chapter 1, the thesis is divided into three additional
chapters. The organization is as follows:

o Chapter 2 discusses the hardware and software tools used for vital signs and biomarker
extraction. It focuses on the radar system and its fundamentals. An analysis of the
optimal radar configuration for this application is also presented.

o Chapter 3 describes the different signals and biomarkers obtained with radar techniques,
such as breathing and heart rate, heart rate variability or pulse wave velocity. An
analysis of the extraction of heart rate variability sequences at different body locations
is also presented.

o Chapter 4 addresses some of the challenges that still need to be overcome to bring this
sensor technology into real-world applications. Challenges such as the radar physiological
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sensing in multi-target scenarios, the body motion tracking and cancellation, and real-
time monitoring are covered.

Chapter 5 summarizes the conclusions drawn from the work performed and some of the
future lines of research that could be pursued for the remote analysis of vital signs.

The Appendixes supplement the information in the previous chapters. These pages
present, for instance, an analysis of the optimum operating frequency band for CW
and LFMCW radar configurations, an analysis of the various sources of noise found in
radar systems, and the effect of IQQ imbalance on radar phase extraction. Finally, they
describe some of the metrics employed throughout this thesis.
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journals and international conferences:
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Chapter 2

Vital Sign Monitoring Tools

This thesis focuses on non-contact monitoring of vital signs by analyzing cardiorespiratory
mechanical activity. Achieving this by measuring skin displacement caused by cardiac and
respiratory activity, using radar technology. This cardiorespiratory activity is also acquired

with external sensors used as references to measure the radar system

's performance. This

chapter presents the hardware tools used in the study, including the radar sensor and external
devices used as reference. Moreover, it details the signal processing carried out to the target
displacement, R(t), which is acquired with the radar. The purpose of this signal conditioning
stage is to isolate the displacement caused by respiratory and cardiac activities, using denoising
algorithms and techniques for signal separation, in order to prepare R(t) for the vital sign

and biomarkers extraction. This overview is shown in Fig. 2.1.

- . . . . ~
/ Vital Sign Monitoring Tools Chapter2
| |
| . .. . |
| ( Hardware\ Signal Conditioning | |
| Section 2.1 Section 2.4 :
|
Cardiorespiratory | R(t) R(t)|
Mechanical —— ‘I
Activity I Signal |
separation :
Respiratory [Eaterml :
belt References |
|
|
|
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Task Force Monitor |
Blood |
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Electrical Activity o |
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J y
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Figure 2.1: Hardware and signal processing overview for non-contact vi

Thus, the chapter is structured into the following sections:

(Vital Sign Extraction )
& Biomaker Analysis
Chapter 3

Heart Rate

Breathing Rate

Heart Rate
Variability

Pulse Wave
Velocity

- J

tal sign monitoring.

o Section 2.1 outlines the hardware tools employed, encompassing both the radar system
and the devices utilized as references for monitoring respiration and heartbeat activities.
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o The radar fundamentals are presented in Section 2.2. It also includes the signal processing
algorithm chain employed for extracting the target displacement.

o The choice of the optimum radar waveform configuration is carried out in Section 2.3.

e Section 2.4 introduces the signal conditioning tools that are used to prepare the dis-
placement signal for the vital signs and biomarker extraction. It presents techniques
for denoising and signal separation, focusing on spectral analysis, empirical mode
decomposition (EMD) and wavelet transform.

2.1 Monitoring Hardware

This section details the hardware setups used in this work:

o A radar sensor. Among the different radar sensors used, two stand out: a radar sensor
based on a linear-frequency-modulated continuous-wave (LFMCW) radar fabricated by
Silicon Radar [Sili 22|, and a commercial radar kit manufactured by Texas Instruments

[Texa 20c].

» An external device used as reference. For instance, the Task Force Monitor [CNSy 23],
which is used for acquiring the ECG or the blood pressure waveform, or the Zephyr
BioHarness 3.0 [Zeph 12], which is a respiratory belt used to measure the chest motion
caused by the respiratory activity.

Thus, the general measurement setup will consist of a radar sensor and an ECG, which
represents the gold standard for the measurement of cardiac activity. Additional reference
sensors may be used in some experiments. The measurement setup diagram is shown in

Fig. 2.2.

General Measurement Setup

~

Cardiac
Electrical Activity

Task Force Monitor

Cardiorespiratory

Additional
External
Reference

—

R(t) Vital Sign &

Mechanical % RadarSensor Biomarker
Activity Extraction

Figure 2.2: General measurement setup scheme used for vital sign extraction.
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2.1.1 Radar sensor
2.1.1.1 Silicon Radar

The main radar sensor used is based on a LFMCW radar fabricated by Silicon Radar [Sili 22].
The device itself is based on a 8 x 8 mm? monolithic microwave integrated circuit (MMIC)
transceiver. Research related to this sensor and its previous versions may be found throughout
the literature [Paul 17].

In order to better fit the desired application, the commercial version of the radar baseband
board has been modified. These modifications allow to use the radar sensor at two frequencies
(24 and 134 GHz) only by exchanging the MMIC board, and in CW or LFMCW configurations.
The assembled radar module is presented in Fig. 2.3. The main modifications have been the
replacement of the commercial radar’s microcontroller and baseband boards with custom-made
PCBs. The system architecture is common for both operating configurations, and its diagram
is presented in Fig. 2.4.

jelectric lens

MMIC board
Baseband board

Clock board

Figure 2.3: Photograph of the 134 GHz radar global assembly with the MMIC located below the
dielectric lens.

The radar system consists of:

e A commercial MMIC board fabricated by Silicon Radar. Two MMIC boards have
been used, one operating at 134 GHz and the other at 24 GHz. The difference in
architecture between both boards is indicated in Fig. 2.4, each board has its specific
voltage-controlled oscillator (VCO). In the 134 GHz board, the VCO frequency is 67
GHz and it is doubled to 134 GHz.

« A baseband board, which controls the MMIC and conditions the I/Q signals. This
board includes the microcontroller (uC'), the Phase Frequency Detector (PFD) and the
1/Q filters:

— The PFD used is the ADF4159 from Analog Devices [Anal 14]. It can be configured
to perform a frequency sweep, controlling the swept bandwidth, the duration and
the linearity of the frequency sweep. Thus, it allows to configure the transmitted
waveform, and, therefore, if the radar is operating in CW or LFMCW configuration
without changing the hardware architecture. The reference oscillator used to feed
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Figure 2.4: Diagram of the radars RF and baseband architectures. The baseband board is common

for both frequencies: 24 and 134 GHz. The architecture differences between the MMIC
boards are represented in red, for the 134 GHz radar, and in green, for the 24 GHz
radar.

the PDF has also been replaced and is now located on the clock board. It provides
less phase noise and improves dynamic range.

The commercial microcontroller has been replaced by the Attiny-167 [Atme 14],
a 8-bits microcontroller with 14 GPIO pins available. The commercial LEMCW
radar’s transmission was limited to intervals managed by its microcontroller. These
intervals included off-time between clusters of LFMCW sweeps to allow for on-
board signal processing and USB-to-PC data transmission, which would hinder
continuous cardiopulmonary measurements. In the present version, all processing
is offloaded to a PC, allowing continuous LEMCW operation. The replacement
of the microcontroller also improves waveform configurations, allowing for finer
bandwidth and sweep time selections. This has enabled proper alignment of sweep
flyback times, and triggering of the ADC’s sampling using an end-of-ramp signal.
Both improvements create better synchronized waveform generation and sampling,
reducing the error in the measurements.

— I/Q filters. The analog filters applied to the in-phase and quadrature signals

have been modified to be low-pass filters, allowing CW configuration. The cutoff
frequency is 2 MHz.

e A clock board distributes the clock reference. The reference oscillator allocated in this
board is a 80 MHz oscillator from the ABLNO series [Abra 22|, from ABRACOM. This
frequency can be divided with a programmable divider by powers of 2 from 2 to 16.
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Thus, the ADC sampling frequency can vary from 5 MHz to 80 MHz.

e An external ADC. The external ADC used is the model PCI-9846 from ADLINK
[ADLI 14], with 16 bits, 4 channels, and a configurable sampling frequency up to 40
MS/s.

More information about the hardware architecture can be found in [Garc 19]. The main radar
characteristics are summarized in Table 2.1 and a photograph of the radar modules can be
seen in Fig. 2.5.

Table 2.1: Main characteristics of the radar modules used.

Characteristic Radar 134 GHz Radar 24 GHz
Model TRA__120 045 TRX_ 024 046
Central Frequency (GHz) 134 24.6

Output Power (dBm)! -3 4

Bandwidth (GHz) 20 (max) 3.6 (max)
Sweep Time 12 ps to 18 ms 12 ps to 18 ms
Antenna type Dipole 6x4 Patch array
Beamwidth 15°(E) 40°(H) 25°(E) 15°(H)
Antenna Gain 6 dB 16 dB
Beamwidth (with the lens)? 4°(E) 4°(H) -

Lens Gain 12 dB -

Board dimensions (cm) 5x5 8x5

I Without antennas.

2 The use of dielectric lens allows a narrower focusing. Lens are only used with the 134 GHz radar.

Besides these characteristics, the radar’s phase stability is critical for vital sign monitoring. It
represents the random distance displacement caused by phase shifts in the received signal
when the radar is focused on a static target. As the target is static, any registered phase
shifts in the received signal must be due to atmospheric variations or the sensor’s own phase
noise. Therefore, this parameter can be interpreted as minimum displacements that can be
measured with the radar. Distance displacements with a corresponding phase shift lower than
the sensor’s phase stability cannot be accurately measured.

The phase stability of the 134 GHz radar is presented in Fig. 2.6 and has been measured by
pointing the radar to a static metal plate. This measurement has been carried out using the
radar in LFMCW configuration, with a sweep time of 1 ms and a bandwidth of 6 GHz, which
is a standard configuration for this kind of application. The signal processing to extract this
target displacement is detailed in Section 2.2.2.

As will be detailed in Chapter 3, the heart’s activity causes chest displacement in the range
of tenths of millimeters, which is two to three orders of magnitude above the radar’s phase
stability. Therefore, this radar is able to monitor these movements.
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Figure 2.5: Boards for the 134 and 24 GHz radars. From top to bottom: the baseband and clock
boards, which are common for both frequencies, the 24 GHz and the 134 GHz MMIC

boards.
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Figure 2.6: Target displacement of the radar sensor measuring a static target. Histogram of the
phase stability distribution for a 10-seconds measurement.
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2.1.1.2 Texas Instruments

The AWR2243 is a commercial single-chip FMCW transceiver developed by Texas Instruments
for automotive applications. This chip implements 3 transmitters and 4 receivers which operate
in the 76 to 81 GHz band, being able to operate in multiple-input multiple-output (MIMO)
configuration. A MIMO radar can be conceptualized as a SIMO (single-input multiple-output)
radar of N = Nr, - Ng, receiving antennas, where Nr, and Ng, represent the number of
transmitting and receiving antennas, respectively [Robe 04].

Two evaluation board that uses this radar chip are used:

o AWR2243BOOST [Texa 20b]. This device is a standalone board which integrates the
AWR2243 radar sensor. This platform allows raw capture of ADC data from the radar
front end. Data is acquired using the DCA1000 board [Texa 18], a capture card that
interfaces with the Texas Instrument radar and allows real-time data transfer to a PC
via 1 Gbps Ethernet. However, it is important to note that this is carried out using the
UDP protocol, which may lack the reliability required for certain applications.

o AWR2243 Cascade [Texa 20a]. This solution (MMWCAS-RF-EVM) is based on the
AWR2243 chip, where 4 chips are cascaded together using a 20 GHz local oscillator
to operate synchronously, allowing support for up to 12 transmitters and 16 receivers.
Thus, it improves the SNR and angular resolution of the single-device system. This

board must be paired with the mmWave cascaded imaging radar DSP evaluation module
(MMWCAS-DSP-EVM [Texa 20d]) for capturing and storing the data.

Photographs of the aforementioned devices are shown in Fig. 2.7, and their main parameters
are listed in Table 2.2.

Figure 2.7: Boards for the AWR2243 radars. From left to right: the AWR2243 Cascade device,
where the 4 chips are identified, and the AWR22431BOOST with the DCA1000 board.
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Table 2.2: Main characteristics of the radar modules used.

Characteristic AWR22/3
Number Tx 38 12¢
Number Rx 4B 16¢
Frequency (GHz) 76 — 81

Output Power (dBm)* 13

Sweep Time 13 ps to 5 ms
Sampling frequency 2 kHz - 45 MHz
Antenna type Patch array

Board dimensions (cm) 8x77 16x14¢

B AWR2243BOOST. € AWR2243 Cascade.
! Per chip and without antennas.

These radars can be configured in time division multiplexing (TDM) mode. This mode entails
the transmission of a chirp by each transmit antenna during a non-overlapping slot of time.
This provides orthogonality in time, allowing the receiving antennas to separate the echoes
from each transmit antenna [Bech 17]. An example of the TDM-MIMO sequence transmitted
is illustrated in Fig. 2.8. In this example, the transmitted chirps are grouped in loops, which
are repeated K times inside a frame.

Frame 1
Loop 1 Loop 2 Loop K
Chirp 11/ Chirp 2 /lrpl\\/\/\ /\ /V\ /\ t [—Tx1
— Tx2
Frame M

NN AN,

Figure 2.8: Example of a TDM-MIMO sequence transmitted with the radar.

Furthermore, MIMO systems can be characterized by a virtual array constructed by the
convolution of the locations of the transmit and receive antenna locations [Li 08]. This
TDM-MIMO configuration enables the formation of a larger virtual array with enhanced angle
resolution compared with a conventional phased array [Broo 85]. The radar angle resolution
for a uniform linear array is determined by the following expression [Mail 17]:

A

A ~(0.80————
dig(md) 0.89 Nd 008(9)

(2.1)
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where N represents the number of virtual channels, d is the distance between them, and 6
is the beam pointing direction. Table 2.3 shows the azimuth angle resolution that can be
achieved with the aforementioned radars. Moreover, Fig. 2.9 shows a diagram of the equivalent
virtual array obtained with the AWR2243BOOST, where Tx 1 and Tx 3 are used for azimuth
resolution and Tx 2 is used for elevation resolution.

Table 2.3: Azimuth angle resolution enhancement for the AWR2243BOOST and AWR2243 Cascade.

# Rx Angle # Virtual Angle
elements | resolution (°) | elements | resolution (°)
AWR2243BO0OST 4 25.50 8! 12.75
AWR2248 Cascade 16 6.37 862 1.19

! This radar has 12 virtual antennas, but only 8 give azimuth information.

2 This radar has 192 virtual antennas, but only 86 give azimuth information.

|
— |
N2 ' =
— | ‘g
' 2
| 5 6 7 8 3
: Tx2-Rx1 | Tx2-Rx2 | Tx2-Rx3 | Tx2-Rx4 w
| 2 3 4 9 10 11 12
: Tx1-Rx1 | Tx1-Rx2 | Tx1-Rx3 [ Tx1-Rx4 | Tx3-Rx1 | Tx3-Rx2 | Tx3-Rx3 | Tx3-Rx4
Rx1 Rx2 Rx 3 Rx 4 Tx1 Tx2 Tx 3 : Azimuth
|
|
|
1

Physical Array Virtual Array

Figure 2.9: Diagram of the physical antenna array and its equivalent virtual array for the
AWR2243BOOST.

Furthermore, these radars allow analog beamforming, where the phase of each transmitter
channel is configured to steer the beam towards a specific direction. The transmitters of these
radars utilize phase shifters with a resolution of 6-bits, which allows for the configuration of
phase resolution of 5.625° [Texa 20a]. However, the problem with performing beamforming by
hardware is that the beam steering is fixed, and the system cannot adapt to changes without
reconfiguring the phase shifters.

2.1.1.3 Commercial radar solutions overview

The growing interest in the use of radar in industrial (~60 GHz band) and automotive
(~77 GHz band) applications has resulted in a wide variety of radar solutions available on
the market. Table 2.4 shows a comparison between some of the commercial radar versions
available.
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2.1.2 External reference devices
2.1.2.1 Accelerometer ADXL335

The device is the ADXL335 from Analog Devices [Anal 10]. This sensor can measure the
static acceleration of gravity and the dynamic acceleration resulting from motion or vibration.
It is a 3-axis accelerometer, with a full sensing range of £3¢ and a sensitivity of 300 mV/g.
An image of the ADXL335 board can be found in Fig. 2.10.

Unlike the rest of the reference devices presented in this section, this is the only one that
shares nature with the radar system, since both measure a signal with a mechanical origin. For
the analysis carried out in this thesis, only the normal axis to the surface is analyzed, which
corresponds to the movement direction acquired with the radar. Moreover, the ADXL335 has
an analog low-pass filter with a cutoff frequency of 50 Hz.

From a medical point of view, the signal obtained with this device is equivalent to that
obtained with a seismocardiogram (SCG), which measures the accelerations and chest’s
vibrations caused by the heart motion. For convenience, from here on, the ADXL335 is will
be referred to as SCG sensor.

Figure 2.10: External accelerometer ADXL335 board from Analog Devices.

2.1.2.2 Task Force Monitor

The Task Force Monitor (TFM) developed by CNSystems [CNSy 23] is used as an additional
reference for the vital signs monitoring, since it can synchronously measure electrocardiogram
(ECG), blood pressure (BP) and impedance cardiogram (ICG). Figs. 2.11 and 2.12 show a
photograph of the device and its software interface, respectively. This image present the TFM
front face, where the connections with the elements applied to the patient to perform the
measurements are located:

o The silver (metallic) connectors allow the connection of the compressed air outlets for
the continuous and oscillometric blood pressure measuring devices.

o The green one connects to the continuous blood pressure measuring device.
e The red one connects the ECG cable.
o The yellow one connects the ICG.

e The black one is an external input port that allows the user to connect other equipment.
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The purpose of this external input port is to be able to synchronize a signal from an external
source with the rest of the signals.

<

¢
o

¢ S -
% (SIS S

| : Systems
| pALo

Pulse
oximeter

External Continuous
output Blood Pressure

Figure 2.11: Front view of the Task Force Monitor with the different connectors.
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Figure 2.12: Main window of the application to analyze and visualize the measurements.

The radar sensor and the TFM are synchronized using a gold-code sequence [Sche 20], which
is generated in the clock board of the radar, and it is digitalized simultaneously in the TFM
(using the external input) and in the radar’s external ADC. In this thesis, only the ECG
signal is used.

Focusing on the 3-lead ECG acquired with the TFM, it is obtained according to two classic
methods [AlGh 12]: the three standard derivations of Einthoven (identified in the application
as ECG I, ECG II, and ECG III) and the three derivations of Goldberger (identified as
aVR, aVL, and aVF). Each of these derivations is in a position of the Einthoven triangle, as
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represented in Fig. 2.13. Einthoven’s are the classic cardiac derivations of the electrocardiogram.
They record the potential difference between two electrodes located at different extremities.
On the other hand, the Goldberger derivations (also called monopolar derivations of the
extremities) record the potential difference between a theoretical point in the center of the
Einthoven triangle, with a value of 0, and the electrode of each limb.

In this work, the first and second Einthoven derivations are chosen for the ECG measurements.

— +
RA Lead | > LA

aVR

Lead Il Lead Il

aVvF

-+ == Einthoven
Goldberger

Figure 2.13: Graphical representation of ECG leads: Einthoven leads in orange and Golderbergs
leads in blue. RA, LA, and LL represent the right arm, left arm, and left leg,
respectively.

2.1.2.3 Zephyr BioHarness 3.0

The Zephyr BioHarness 3.0 chest band serves as a telemetry device for physiological mon-
itoring [Zeph 12]. It is designed for the monitoring of adults in various settings, including
the home, workplace, and alternative care environments. The chest band comprises a strap
that goes around the chest and an electronic device. It is equipped with a series of sensors
that capture various physiological signals. These sensors consist of a 1-lead ECG, a three-axis
accelerometer, a skin temperature thermistor, and a capacitive sensor for respiration motion.
Thus, this device enables users to capture heart rate, respiratory rate, acceleration, activity
level, and body posture. It is able to stream these data wirelessly via Bluetooth. A photograph
of the Zephyr BioHarness can be found in Fig. 2.14.

The Zephyr BioHarness has been widely validated through the literature, where it has been
used, mainly, in sportive scenarios. In a recent systematic review [Naza 18|, the authors
reported that the Zephyr BioHarness 3.0 device provides reliable and accurate measurements
of heart rate in various contexts. The review also emphasized its strong agreement with gold
standard measurements, consistent with findings reported in other validation studies. The
study in [Kim 12a] also validated the respiration rate of this device by comparing it with a
portable cardiopulmonary breath-by-breath gas exchange analyzer during exercise.
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Figure 2.14: Photograph of the Zephyr BioHarness 3.0.

This reference device has been used, mainly, for acquiring the respiration information, see
Section 3.2.1. However, it has also been used to monitor the ECG in multi-target scenarios or
in scenarios where the target should not be limited by the length of TFM’s ECG cables.

2.2 Radar Fundamentals

The radar sensor, as was previously introduced in Section 2.1, can work in CW and LFMCW
configurations. Therefore, before detailing the signal processing tools used in this thesis, it is
important to introduce the basic principles on which CW and LFMCW configurations are
based. This section also presents the different parameters to consider when configuring the
radar. It also describes the steps of the algorithms used to obtain the target displacement in
each radar configuration and the signal conditioning. It also includes an analysis to determine
which is the optimal radar configuration.

2.2.1 Radar working principle

This section introduces the working principles of CW and LEMCW radars. The complete
mathematical formulation is detailed in Appendix A.

2.2.1.1 CW Radar

The working principle of non-modulated CW is based on transmitting a single-tone signal,
which is reflected by the target. A replica of the transmitted signal is mixed with the received
echoes, obtaining the beat signal. The ideal CW transmitted signal can be defined with the
following expression:

sult) = Aexp(j(2r fot + 6)) (2.2)

where fj is the transmitted frequency and ¢ is the initial phase. The received signal for a
point scatterer at a range R(t) can be expressed as:

sralt) = Aosys (t _ 2R(t)> (2.3)

C
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where o is the reflection coefficient of the target and %(t) is the round trip delay, being ¢, the
light velocity. After the IQ demodulation and filtering processes, the radar baseband signal

can be expressed as:
ArmfoR(t
sp(t) = Apexp <j foc()) (2.4)

where A, is the signal amplitude. Thus, the displacement information is contained in the
phase of s;(t).

2.2.1.2 LFMCW radar

Analougsly to CW radars, the working principle of LFMCW is based on transmitting a linear
frequency modulated RF signal. Under the “stop and go assumption” [Carr 95|, which states
that the target does not change its position during the radar sweep time, the beat signal for a
point-scatterer at a range R(7) (where 7 is the so-called slow time') can be formulated as:

sp(t,7) = o exp(j(2m fy(7)t + ¢(7) + h2(7))) (2.5)

The beat signal follows a sinusoidal waveform with a frequency known as beat frequency
fo(7) = 22 R(7), ¢(1) = 4 foR(7)/c, and ¢o(7) = —%, where fj is the initial frequency
transmitted, B is the bandwidth, and 7T is the sweep time. ¢9(7) represents the residual
video phase (RVP) [Carr 95], which is found to be negligible and can be ignored, since it is

proportional to 1/c?. These parameters are shown in Fig. 2.15.

—Tx signal
——RXx signal
f
fy,
B
fo- / / \ 4
T 2R/c
>
t

Figure 2.15: Working principle of LFMCW radars. B stands for the transmitted bandwidth,
fo is the initial frequency transmitted, 7 is the repetition period and 2R/c is the
round-trip delay.

2.2.2 Radar signal processing

This section details the signal processing steps required to extract the target displacement
from the I and Q signals acquired with the radar. The algorithm steps for CW and LEMCW
radar configurations are shown in Fig. 2.16.

IMathematically, the slow time can be expressed as 7; = i - T, with i € Z, so it is a sampled version of the
fast time ¢, which is defined in the interval [0, T].
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2.2.21 CW

First of all, a third-order Butterworth low-pass filter with a cutoff frequency of 100 Hz is
applied to the I and Q signals to reduce the noise. A calibration is then required to compensate
for the IQ imbalances in the CW configuration, the impact of this calibration is described in
Section 2.3.2. Then, the arctangent demodulation is used to estimate the signal phase, as
showed in [Kay 93], the arctangent is the maximum likelihood estimator (MLE) for this case.
Then, the displacement is calculated as:

AR(t) = unwrap{p(t) — ¢(to)} - ¢ (2.6)

Am - f,

where ¢(t) is the initial phase at ¢ = 5. Phase must be unwrapped because it takes values
between —7 and 7.

2.2.2.2 LFMCW

In the LFMCW configuration, no calibration is needed, as showed in Appendix B. First of all,
a Hann window is applied to the in-phase and quadrature signals to enhance the dynamic
range. After that, an FF'T is performed to identify the range where the target’s beat frequency
is located. Then, the FFT is clipped in the predefined range, with the aim of isolating the
target from interfering objects in the radar’s field of view. After that, for each ramp, the phase
is computed at the beat frequency, which is calculated as the maximum of the FFT in the
range previously calculated.

Analogously to the CW case, the arctangent is the MLE for estimating the signal phase.
Finally, the displacement calculation is carried out. The displacement signal has the following
expression:

_ unwrap{$(1) — ¢(10)} - ¢

AR(T) I To

(2.7)

where ¢(7p) is the initial phase.

With the aim of solving the unwrapping limitations, most of researchers use the extended
differentiate and cross-multiply (DACM) algorithm proposed in [Wang 14b], which has showed
to provide more robust and accurate demodulation results. Nevertheless, this algorithm does
not deal with the phase changes that are caused by the range migrations. The target can
change between range bins of the FFT along the time. A new technique that combines the
phase and frequency information from the range bin to extract the displacement information is
presented in Appendix B.2.1. The target displacement is then determined using the following
equation:

(6(7) — o) + 2L
47 fo 2w BL
c fsTc

AR(r) = (2.8)

It is important to note that LEMCW processing is performed once per sweep time, unlike CW
processing which is carried out per each sample time. Therefore, the extracted displacement,
denoted as R, is downsampled by the sweep time (fLEMEW = fEW /),
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2.2.3 Optimal parameter selection

From the previous sections, it can be observed that there are some parameters that can be
configured in the radar system, such as the waveform, the frequency working band, bandwidth
or sweep time. The analysis to determine which radar configuration is optimal between
CW or LFEMCW configurations is performed in the next section. Notwithstanding, there
are other parameters that can be configured and should be taken into account. Ones are
common for both configurations, such as the working frequency band or the system sampling
frequency, and other are specific parameters, such as the sweep time and bandwidth in
LFMCW configuration.

The previous sections have shown that various parameters in the radar system can be modified,
such as waveform configuration, frequency working band, bandwidth, and sweep time. The
next section will analyze the optimal radar configuration.

2.2.3.1 Working frequency band

Based on the radar baseband expressions, Eqs. 2.4 and 2.5, it can be concluded that increasing
the working frequency enhances the measurement accuracy, since, at high frequencies, small
displacements result in significant phase changes, AR: A¢ x fy- AR.

Notwithstanding, there are studies which indicate that an optimal carrier frequency exists
maximizing the detection sensitivity in Doppler radars [Li 07, Gu 13], stating that the working
frequency band can be increased up to the lower region of the Ka-band to improve detection
accuracy. But these studies are limited to the CW case, not analyzing the impact of using
LFMCW configuration. Moreover, they analyzed vibrational amplitudes that do not coincide
with the ranges of breathing and heartbeat amplitudes reported in the literature [Bori 15],
and limit their analysis to frequencies up to 40 GHz.

An analysis of the optimum transmitted frequency has been carried out in Appendix C, where,
it is concluded that there is not an optimum frequency for vital sign monitoring, as each
frequency is only optimal for a specific vibrational amplitude. However, using higher working
frequencies is the most convenient. Simulations show that using higher frequencies improves
the detection of lower amplitude vibrational motions.

Nevertheless, increasing the working frequency increases the attenuation [Skol 80], so a balance
must be struck between the operating frequency and the attenuation that can be supported by
the application (short-distance applications are not power-limited). Besides that, with higher
frequencies, small displacements result in significant phase changes, antennas reduces their
size and beamwidths get narrower [Bala 16]. Additionally, the anatomical properties of the
body also play a role in choosing the radar working frequency. The dielectric properties of the
human body tissues have been estimated along the millimeter-wave band [Chah 11}, where
it was concluded that the reflection from the body tissues is stronger at higher frequencies,
since the complex dielectric constant decreases with frequency.
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2.2.3.2 Sampling frequency

Despite the sampling frequency is not directly a parameter of the radar configuration, it is
present in all radar systems. The sampling frequency required in each system depends on its
waveform configuration. It is highlighted in [Lu 11] that LEMCW radars are not as efficient
as CW radars because they need to sample the target position at higher frequencies than the
fundamental vibration frequency to be measured.

However, recent advances on technology bring solutions to these issues. For instance, low-
cost commercial microcontrollers embed analog-to-digital converters that can operate at
sampling frequencies in the range of 5-10 MS/s, with resolution of 12-16 bits. With these
microcontrollers and typical configurations in LEFEMCW radars, such as sweep time of 1 ms
and bandwidth of 3 GHz, these radars can measure targets up to 250 m. Thus, sampling
frequency is not longer a limitation in selecting the best radar configuration for vital sign
monitoring. For instance, using the previous radar configuration, a sampling frequency of 100
kHz is enough for measurements up to 5 meters.

2.2.3.3 LFMCW parameters

There are other parameters that can be configured in LFMCW radars: bandwidth and sweep
time. The bandwidth determines the radar’s ability to separate targets by distance, which
follows the next expression: AR = ¢/2B, being AR the distance resolution.

On the other hand, the sweep time determines the maximum Doppler frequency that can
be measured. As was previously stated with the "stop and go assumption", the target is
measured once each sweep time, assuming that it does not change during this period. Thus,
the target is "sampled" at 1/T, and the maximum Doppler frequency is 1/2T. Using smaller
sweep times allows measurement of higher Doppler frequencies, at the cost of sacrificing SNR,
since decreasing T results in a shorter integration time. Therefore, a trade-off has to be found:

o From a radar performance point of view, the ratio B/T should be chosen to place the
beat frequency outside the phase noise region. More details about the phase noise
impact can be found in Appendix E. Fig. 2.17 illustrates the phase noise region, showing
that the beat frequency should be greater than 10 KHz to avoid being in the noisy
region.

o From a vital sign monitoring perspective, certain signals require a minimum sampling
rate to avoid losing significant information. According to the authors in [Task 96], the
optimal range for heart rate variability (HRV) analysis should be between 250 and
500 Hz, or higher. Commercial ECGs are typically sampled at 1000 Hz [Kwon 18].
Therefore, in order to extract the vital signs with a minimum signal rate of 500 Hz, the
sweep time must be shorter than 2 ms. This is because LFMCW radars obtain one
sample of information per chirp, resulting in a signal rate of 1/T.
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Figure 2.17: Spectrum of the radar signal without any target to identify the phase noise region,
using the 134 GHz radar from Silicon Radar.

2.3 Best Waveform Configuration

This section presents a comparison between CW and LEFMCW radars to determine which
one suits better for vital sign monitoring. Among the most used radar configurations for
cardiopulmonary monitoring, it stands out the Doppler or CW radar [Lube 02, Will 17], the
LFMCW radar [Wang 14a, Ahma 18] and the impulse radar [Ren 16]. The use of impulse
radar is not as extended due to its high power requirements and more complex system
architecture [Gu 16].

Although there is an extensive bibliography focusing on the comparison between CW and
LFMCW radars for healthcare applications [Li 13, Gu 16, Muro 17, Kebe 20, Isla 22b], it
is not clear which radar configuration offers the best solution. A qualitative comparison of
mono- and multi-mode architectures for short-range continuous-wave radars is presented in
[Gu 16], where they state that CW radars have a higher sensitivity to small vibrations than
LFMCW radars, while LFMCW configuration allows the separation of echoes from different
targets, but they do not provide a quantitative comparison of both configurations.

It is a fact that CW architecture is simpler than LEMCW one, however, LFMCW configuration
presents improvements compared to the previous one:

o LFMCW radars can retrieve range information (Eq. 2.5), allowing target separation.
This feature makes it possible to remove unwanted interferences from clutter [He 17]
and simultaneous multi-target monitoring.

o LFMCW radars are more robust than CW radars against low-frequency noise, because
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the beat frequency can be kept away from this frequency range.
o LFMCW radars are more robust than CW radars against 1QQ imbalances and dc-offset.

The last two points are further developed below.

2.3.1 Noise impact

In radars where the received signal is mixed with a replica of the transmitted signal, such as
CW and LFMCW radars, the beat frequency should be kept away from the low-frequency
noisy range to guarantee a robust performance. Fig. 2.18 shows the main noise sources
affecting this type of systems: thermal noise, phase noise and flicker noise. Additionally, the
low-frequency spectrum is often not clean due to other effects, such as the direct antenna
coupling from the TX to the RX [Stov 92]. The noise impact is higher in CW radars because
two main reasons:

A CW A
LFMCW
Phase and T;?SS:
Flicker noise

Thermal noise

0 Hz fcorner fo f

Figure 2.18: Noise impact on CW and LEMCW configurations. It shows the main sources of noise
affecting a radar system: thermal noise, phase noise and flicker noise.

» Noise distribution. CW radars are affected by all the noise sources, as shown in Fig. 2.18.
On the other hand, in LFMCW radars, the beat frequency can be adjusted to separate
it from the noise sources present around 0 Hz. In fact, it can be placed at higher
frequencies where impact of flicker noise is lower than thermal noise.

o Processing. The signal estimation is performed in CW radar sample by sample, while
in LEFMCW configuration is performed in each sweep time by a filterbank of N filters
implemented via an N-FFT. Thus, LFMCW has an estimation improvement of N, where
N = f,-T, fsis the sampling frequency and T the sweep time. This can be shown in
Egs. 2.9 and 2.10 from Appendix D, which represent Cramér-Rao lower bounds (CRLB)
for CW and LEMCW estimations, respectively. This can also be seen in the CRLB
bounds presented in Fig. 2.19.

A 2 2
var(R) > ( 4:f0> & (2.9)
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G(R)>< c )2 o? 1 (2.10)
var{it) = 2 B(N—1) , B2(2N—1)(N—1) :
47 fo 2A N + i + N2

where A?/0? is the signal-to-noise ratio of the complex signal, fj is the carrier frequency, fy
is the radar initial frequency transmitted, B is the transmitted bandwidth and N is the signal
length, in samples.

R estimation
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Figure 2.19: Displacement estimation with thermal noise for the CW and FMCW configurations.
Example with N=1000 samples, which implies an improvement of 30 dB in the R
estimation and in the SNR. Simulation: 1000 iterations.

A more detailed analysis of the noise sources and impact in CW and LFMCW radars can be
found in Appendix E.

2.3.2 IQ imbalance impact

In CW radars, before using the in-phase and quadrature signals to obtain the target displace-
ment, a calibration process is carried out to compensate the amplitude and phase mismatches,
and dc-offsets [Hu 13]. The analysis of the errors introduced due to imbalances and dc-offsets
is detailed in Appendix B.
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The amplitude and phase imbalances do not change significantly over time, since they are
mainly generated by hardware imperfections, so these imbalances can be easily calibrated
using compensation methods [Park 20]. However, the dc-offset also comes from reflections
from stationary objects around the target [Park 07]. Thus, the correction needs to be run at
the beginning of a new measurement each time the environment changes.

The amplitude and phase imbalances provoke that the joint plot of I and Q signals forms an
ellipse instead of a circumference. Thus, the ellipse fitting estimation method in [Sing 13]
is applied. Once the fitting ellipse is defined, the Gram—Schmidt’s technique [Chur 81] is
applied to compensate and correct the imbalances. After that, the Pratt’s method [Prat 87] is
performed to obtain the best-fit circle so as to obtain the circle center, i.e., the dc-offset. The
IQ imbalance compensation is shown in Fig. 2.20. After the dc-offset removal, the arctangent
demodulation is carried out to obtain the target’s displacement. The calibration process is
challenging when the 1/Q components do not complete a closed circle, since the estimation of
the center of an arc is more prone to errors than the center estimation of a circle, as will be
shown in Section 2.3.3 (Figs. 2.24 and 2.26).

%1073

r
Without lmbalance correction

With imbalance correction

Q

5 0 5
[ %1073

Figure 2.20: IQ imbalance correction example. It shows the IQ signals before the calibration -in
blue- and after the calibration -in red-.

On the other hand, unlike in CW radars, LFMCW radars do not require a calibration process,
as detailed in Appendix B. The IQ imbalances have a greater impact in the dc-component,
which is filtered out in LEMCW. Moreover, if these imbalances remain constant over time,
they can be omitted without affecting the overall outcome.
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2.3.3 Experimental verification

Some experiments have been carried out to determine which waveform configuration provides
the best results for vital signal extraction. In order to perform this comparison, a commercial
baseband board from a 134 GHz radar has been modified to operate indistinctly in CW or
LFMCW configurations, as was detailed in Section 2.1.1.1. This modifications allow to use
the same baseband board with two different front-ends: one at 134 GHz and other at 24 GHz.
The analysis is carried out at 134 GHz and the findings are confirmed with the 24 GHz radar.
The performance of both configurations have been tested in two different scenarios. The first
scenario involved the emulation of the chest wall displacement by measuring the periodic
displacements of the membrane of a woofer. In the second scenario, the radars analyzed the
chest displacement of a person to acquire their cardiorespiratory activity. Two experiments
were performed in this second scenario, one with the 134 GHz radar to compare the CW and
LFMCW configurations. The conclusions were confirmed with a second experiment using a
24 GHz radar, proving their independence from the radar frequency band. An overview of
the different experiments carried out is shown in Fig. 2.21.

Controlled Scenario Vital Sign Scenario
Experiment 1: Experiment 2: CWvs Experiment 3:
Woofer @134 GHz LFMCW @134 GHz 134 GHz & 24 GHz
Radar parameters: Radar parameters: Radar parameters:
R1*: CW R1: CW R1*: CW
R2*:LFMCW R2:LFMCW R2*:LFMCW
T=1ms, B=6 GHz T=1ms, B=6 GHz T=200 ps, B=2 GHz
Measurements: Measurements: Measurements:
Woofer’s membrane Breathing rate, heart Breathing rate, heart
displacement at 0.5 rate and HRV at 0.5 rate and HRV at 0.3
meters meters. and 0.5 meters.
Reference: SCG Reference: ECG Reference: ECG
*Not simultaneously *Not simultaneously

Figure 2.21: Overview of the different experiments carried out to determine which is the best
waveform configuration.

The radar signals are sampled at a frequency of 10 MHz. The signal processing outlined
in Section 2.2.2 is applied to each configuration to extract the radar displacement. The
displacement signals obtained from the radars are downsampled to a frequency of 1 kHz for
synchronization with the references obtained from the SCG and the TFM.

Comparison metrics
In order to compare the performance of CW and LFMCW configurations, two main comparison
have been carried out:

o Signal waveform: The displacement measured with the radar is compared with the
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displacement signal derived from the SCG sensor to quantify which radar configuration
reproduces more accurately the waveforms. This comparison is evaluated by using the
Russell’s error measure [Russ 97], which is explained in Appendix F.1.

e Fiducial points: The radar’s performance is evaluated to determine which radar can
extract vital signs more accurately. The comparison is performed by comparing the
HRV sequence extracted from the radar with the HRV sequence extracted from the
ECG. The HRV sequence is explained in more detail in Chapter 3.3.2.

2.3.3.1 Controlled scenario

Experiment 1

The analysis is carried out by comparing the woofer membrane displacement measured with
the SCG and the radar. The radar is placed 0.5 m away from a commercial woofer which is
excited with a known waveform, as can be shown in Fig. 2.22. The field of view (FoV) at
this distance is a circle of 3.5 cm in diameter. To emulate a vital sign monitoring scenario,
the woofer is excited with three different waveforms. One emulates the chest displacement
due to breathing motion, another emulates the chest displacement due to heart motion, and
the last one emulates the chest displacement due to both activities. The frequency and
amplitude of the emulated displacements are selected according to the ranges provided by
authors in [Bori 15]. The resulting waveforms are:

o Waveform 1: A sinusoidal displacement of 0.2 Hz and 2 mm of amplitude, which emulates
the breathing signal.

o Waveform 2: A sinusoidal displacement of 0.9 Hz and 0.2 mm of amplitude, which
emulates the heartbeat in apnea condition.

o Waveform 3: The sum of the previous 2 signals, which emulates the cardiorespiratory
signal.

For each waveform, the membrane displacement is captured with the radar operating in CW
and LEMCW configurations, and these signals are compared with the SCG used as ground
truth. The radar measures displacement information, while the SCG retrieves acceleration
information. Both signals are analyzed (displacement and acceleration) since they have useful
information, as will be explained in Section 3.2. Thus, two approaches are employed to
compare the radar signals acquired:

o The first approach compares displacement information. Therefore, the SCG signal is
double integrated to obtain the displacement information from the acceleration, and
the resulting waveform is compared with the radar signal.

o The second approach compares acceleration information. Hence, the radar signal is
double differentiated to obtain the acceleration information from the displacement, and
this signal is compared with the data from the SCG.

The integration and derivation steps are carried out in the frequency domain with the whole
length of the signals. Table 2.5 shows the Russell’s error obtained for the comparison of each
waveform.
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Figure 2.22: Experiment 1: the woofer membrane displacement is measured with an SCG and a
radar placed at 0.5 m from the target, simultaneously.

Moreover, the extraction of the heartbeat signals from the cardiorespiratory signal has been
also emulated. A band-pass filter is applied from 0.8 to 50 Hz to Waveform 3 so as to
extract the emulated heartbeat waveform. The extracted waveform is compared with the

integrated SCG, which has also been filtered using the same filter (it is displayed in Table 2.5
as Waveform 3 - HB).

Table 2.5: Experiment 1: LFMCW vs CW under a controlled scenario.

LFMCW CW
[ [ sce dt? %R“d [ [ sca dt? C%;Rad
Waveform 1 0.0375 0.2295 0.0319 0.4910
Waveform 2 0.0623 0.2665 0.4882 1.077
Waveform 3 0.0354 0.1079 0.0324 0.2397
Waveform 3 - HB 0.0723 0.2834 0.0730 0.5742

Russell’s error obtained for the first approach ([ [ sce dt?) and the second approach ( @ od) for

WRad
each waveform. Waveform 8 - HB is the result of band-pass filtering Waveform 3 to emulate the

heartbeat waveform extraction.

The comparison of the different waveforms can be shown in Figs. 2.23, 2.24 and 2.25. These

figures show both approaches: top figures represent waveforms for displacement and bottom
figures represent acceleration waveforms.
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Figure 2.23: Waveform 1 case: Comparison between the radar signal acquired using CW, LFEMCW
and the reference SCG.
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Figure 2.24: Waveform 2 case: Comparison between the radar signal acquired using CW, LFMCW
and the reference SCG.
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Figure 2.25: Waveform 8 case: Comparison between the radar signal acquired using CW, LFMCW
and the reference SCG.

Regarding the comparison carried out with the first approach (displacement analysis), results
reflect that both configurations extract accurate results. Table 2.5 shows that the differences
between both radar configurations are minimum for the Waveform 1 and Waveform & cases.
However, these results show larger differences in Waveform 2, this is caused by a non accurate
imbalance correction in CW configuration. As was stated in [Mufio 17] that CW was more
sensitive to small vibrations, it is also highly dependent on a good calibration. In Waveform 2
case, the displacement signal to be measured (0.2 mm) is significantly smaller than the
wavelength (2.2 mm). At 134 GHz, a vibration movement of 0.2 mm of amplitude covers,
approximately, 20% of the 1/Q circle, as displayed in Fig. 2.26.

The calibration process is challenging when the I/Q components do not complete a closed
circle, and the phase extraction is not accurate, as is displayed in Fig. 2.24. Since the circle
is not complete, the center estimation is not accurate and the dc-offset cannot be removed
efficiently. Therefore, the error measured with the radar operating in CW is significantly
higher. Notwithstanding, there are studies in the literature that address this issue, for
instance, the authors from [Park 20] propose a CW radar with four-phased local oscillator
signals to generate multiarcs, which enhances the center estimation but requires a more
complex architecture.

Fig 2.25 shows the multi-component waveform, whose shapes can be compared with the
traditional cardiorespiratory waveform. Additionally, this study analyzes the frequency spectra
of the displacement signal obtained using radar in both CW and LFEMCW modes. Fig. 2.27
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Figure 2.26: 1Q imbalance correction for Waveform 2. It shows the IQ plot after noise filtering -in
blue- and after the imbalance calibration -in red-.

displays the frequency components of Waveform 3, which includes fundamental frequencies at
0.2 and 0.9 Hz, as well as their harmonics. As anticipated, the double differentiation process
amplifies the noise, this double differentiation is equivalent to multiplying the spectrum by
(jw)?. Besides, it can be observed that the spectra obtained in the CW configuration are
noisier than those obtained in the LEMCW configuration.

|FFT] (dB)

|FFT| (dB)

102 10”" 10° 10’ 102 107! 10° 10’
Frequency (Hz) Frequency (Hz)

Figure 2.27: Radar signals acquired in CW and LFMCW for Waveform 3. From left to right:
spectra of the displacement signals, and spectra of the acceleration signals.

Regarding the second approach (acceleration analysis), the comparison carried out in Table 2.5
between the acceleration signal from the radar and the SCG signal shows that LFMCW radar
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performs better than CW radar. This fact can be seen at a glance in Figs. 2.23 and 2.25:
the signals obtained from the CW radar are noisier. As previously stated, the higher noise
present in CW is amplified due to the double differentiation, which acts as a high-pass filter.

2.3.3.2 Vital sign scenario

Experiment 2

The first experiment carried out in this scenario is performed by measuring the vital signs of a
person under test (PUT)? with the two radars simultaneously: one operates in CW, while the
other operates in LFMCW. The PUT is lying down in supine position and the radar setup is
focusing with normal incidence on its chest at 0.5 m. Both radars are placed adjacently in
order to point to the same chest region, as shown in Fig. 2.28. However, due to the narrow
beamwidth, the FoV of both radars do not overlap, as displayed in Fig. 2.29. The FoV at
0.5 m is, approximately, a circle with a diameter of 3.5 cm.

Figure 2.28: Vital sign scenario setup. The radar is oriented perpendicular to the subject, who
is lying down in supine position at 0.5 m from the radar. The reference signals are
acquired with the Task Force Monitor.

The chest surface curvature causes differences in the radar reflection. In order to remove
uncertainties resulting from different incidence, the experiment is divided into two stages:

2Tt is important to emphasize that for this and all experiments conducted throughout this thesis, informed
consent was obtained from all subjects involved in these experiments.
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1.5cm

100

Figure 2.29: FoV covered with each radar and SCG placement.

o First stage: the radar pointing to R1 operates in CW, while the radar pointing to R2
operates in LFMCW.

» Second stage: the radar pointing to R1 operates in LEMCW, while the radar pointing
to R2 operates in CW.

Four different measurements have been analyzed, two from each stage. In these measurements,
the PUT is asked to breath normally for 120 seconds. The SCG is placed on the xiphoid
process, located in the inferior segment of the sternum [Taeb 19]. Moreover, the ECG is
measured with the Task Force Monitor. An example of the different vital signs that can be
measured with radar, which will be detailed in Chapter 3, is displayed in Figs. 2.30 and 2.31.
These vital sign waveform have been obtained using both radar configurations simultaneously.

In this scenario, the accuracy extracting the different vital signals is studied. The breathing
rates are compared between radars, while the heart rates are also compared with the reference
ECG. The HRV sequence extracted with each radar is compared with the HRV one computed
from the ECG. The HRV error is calculated as the mean of the absolute value of the difference
between both HRV sequences. The HRV sequence extraction is thoroughly explained in
Section 3.3.2.

The results are displayed in Table 2.6. It shows, for each measurement:
o The radar configuration (CW or LFMCW).
o The breathing rate (BR)3.
+ The heart rate measured with ECG (HR,.s) and radar (HR,.q).

o The mean absolute error between the HRV sequences obtained with the ECG and the
HRV sequence extracted with the radar. This metric is described in Appendix F.2. It is
denoted as MAE{iffy if it is extracted from the heartbeat waveform, and as MAE?I_CI%V}
if it is computed from the acceleration signal.

3The breathing rate was obtained by selecting the maximum peak of the radar FFT. The BR has not been
measured with a reference device.
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Figure 2.30: Comparison between the signals that can be acquired with the LFMCW radar and
the reference sensors. From top to bottom: ECG signal, raw radar signal, breathing
signal (Radar B), heartbeat signal (Radar HB), heart sound signal (Radar HS), and
acceleration signal (Radar acceleration).
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acceleration signal (Radar acceleration).

49



Elias Antolinos Garcia

Anan}

"A[SNOdUR) NS INO POLLIRD 98 SULIDQUINU dWRS 9} [IM SjuoaInseaw oy ], 209 AH pur YV AYH
U0oM)9( I0II9 2IN[OSqR URDIA

opAVIN 299 \NYH pue 8 AH U00M)o( I01I0 9)njosqe UedI\

”;;nmmmaﬁz ‘(repel) oyel reoy :PPH (HDH) 09el Mreol PO H -(Iepel) ojel Suryjearq
9191 8.9 98¢ 98¢ Q1T MO ¥ 'seo]N
1cvl 8L 1°LG 9,9 0°¢T MO € 'SeON
90 9¢'9 G9¢ G9¢ Syl MOINAT | € "Se3aA
€90 6q'g 9°09 g 09 0TI MOINAT | T "SedN
(sux) (sux) (wdq) | (wdq) | (uru/syyesiq)

gy | WV | PaHE | 9227aH ud PO
cHd
€<0 Ve'e 98¢ 98¢ Q1T MOINAT | ¥ "SedIN
19°0 LLC 9,9 9,9 0°€¢T MOINAT | € "Sed]A
YAS) Ve'e 94 G99 vl MO ¢ 'SedN
LG°LT 8¢°0T 09 g09 0TI MO T "Se9a]Al
(sux) (sux) (wdq) | (wdq) | (uru/syyesiq)
gy | WUEgvIN | PaH | 20TaH ud PO
T

dd

“Tepel Z[[Y) FET oY} YIM SI90UW G°() )8 OLIBUAIS USIS [BIIA © UI AND) SA MDINAT :¢ tuewadxy :9°Z o[qe],

20



Chapter 2. Vital Sign Monitoring Tools

Results obtained in the vital sign scenario confirm the conclusions extracted in the previous
controlled scenario. Both radar configurations are capable of extracting general metrics, such
as breathing and heart rates. The same breathing rate, and almost the same heart rate
compared to ECG (reference) are obtained with errors below 1% for both configurations.

However, there are differences between the two configurations for the HRV sequence extraction.
LEMCW has a performs better in extracting the HRV, especially from the acceleration chest
displacement. This is more challenging in CW radar since the noise content at higher
frequencies tends to mask the signal details.

Fig. 2.32 shows the histogram of the error distribution for one of the measurements, allowing
for a comparison of the performance of both configurations. The results confirm that LEMCW
outperforms CW. Moreover, Fig. 2.32a shows that the errors obtained when the HRV sequence
is extracted from the heartbeat waveforms are more scattered (larger standard deviation) than
when the acceleration signal is used. These results clearly show the improvement of using
the radar acceleration instead of the heartbeat waveform in the HRV sequence extraction.
This procedure is only possible with the LFMCW radar (see Fig. 2.30 and 2.31) because
the information is not masked by noise. In addition, the ability to extract acceleration
information from the radar signal improves the identification of important cardiac events as
will be described in Chapter 3. These include events such as aortic opening, which facilitates
the extraction of HRV sequences [Tadi 15].

6: 7“LFMCW=0'21 ms =:g:léwcw | . L ppmew=0-05 ms =2§2:éwcw
ULFMCW=6'32 ms T EMCW= 0.82 ms
50 | 1 50
“CW=O'18 ms “CW=2'28 ms
1 Ology=17-92ms

-30 -20 -10 0 10 20 30 -30 -20 -10 0 10 20 30
Error (ms) Error (ms)
(a) (b)

Figure 2.32: (a) Error of HRV sequence measured with the ECG and the HRV sequence computed
from the heartbeat waveform in CW and LEMCW configurations. (b) Error of HRV
sequence extracted from the radar acceleration in LFMCW and the ECG.

Additionally, Fig. 2.33 shows that even if the best HRV extraction method for each configura-
tion is chosen, LFEMCW presents the best extraction results.
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Figure 2.33: Comparison between the HRV sequence extracted from the ECG -in black-, the radar
operating in LFEMCW -in blue-, and the radar operating in CW -in red-. These data
belong to Measurement 2.

Experiment 3

A second experiment is carried out to confirm the findings at 134 GHz. In this experiment,
the vital signs of a target, which is lying down in supine position in front of the radar, are
measured with the 24 GHz radar. However, as was detailed in Section 2.1.1.1, the antenna
beamwidth of this MMIC board is broader than the one at 134 GHz, so the FoV covered is
larger. With the aim of covering a body chest area similar to the previous experiment, the
PUT is measured at 0.3 and 0.5 meters. The FoV at these distances is 15.5 x 8.4 cm? and 25.9
x 14 cm? at 0.3 and 0.5 meters, respectively, so it covers R1 and R2 regions simultaneously.
Focusing is an important matter in this analysis because some studies show how the heart
wave shape changes depending on the area measured [Will 17]. However, the area covered
with the 24 GHz MMIC at these distances is still comparable with the heart size (12 x 8 cm
[Moha 16]).

On the other hand, the parameters used to configure the 24 GHz LFMCW radar are different
from the previous experiment, due to the bandwidth at 24 GHz is limited to 3.6 GHz. With
the aim of having a beat frequency comparable with Experiment 2 (f, ~ 20 kHz), the radar
has been configured to transmit a bandwidth of 2 GHz and the sweep time has been set to
200 ps. In order to compare these results with those obtained in Table 2.6, the PUT has
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also been measured with the 134 GHz radar using the same configuration parameters. The
measurements carried out at 134 GHz have been performed pointing at R1.

Results are presented in Table 2.7, which follows the same structure than Table 2.6. Results
obtained with the 24 GHz MMIC board prove that the conclusions reached previously do not
depend on the radar working frequency:

o LFMCW configuration is better to extract the HRV.

e Results do not depend on the distance, while the FoV is still comparable with the heart
size.

On the other hand, measurements at 0.5 meters with the 134 GHz MMIC board show that
the results do not depend on the sweep time selected or the transmitted bandwidth, since
they are comparable to those presented in Table 2.6 (errors of the same order of magnitude).

Therefore, despite both radar configurations are capable of extracting and measuring vital
signs with high performance, the use of LFMCW radar over CW is recommended. Using the
same hardware architecture, LFMCW configuration allows the extraction of more cardiac
information and with higher accuracy.

Moreover, LFMCW configuration allows to measure not only the vital signs of one subject,
but also monitor several subjects simultaneously, as will be detailed in Section 4.1, allowing its
tracking and providing location information. These characteristics are basic for rescue-working
and telehealth scenarios [Gurb 19, Le K 19].

2.3.3.3 Conclusions

The comprehensive comparison carried out also in this chapter between continuous-wave
(CW) and frequency-modulated continuous-wave (LFMCW) radar configurations reflects
that, although both radars can extract general metrics, such as breathing and heart rates,
detailed information can only be extracted in LEMCW radars. It is explained that CW radar
performance is more affected by low frequency noise, making challenging or unfeasible the
extraction of heart sounds or the desired fiducial points from the acceleration signal. Moreover,
this causes that the HRV sequence extraction is more accurate in LEFMCW radars, since it
can be computed from the acceleration signal. It has also be highlighted that CW radars,
unlike LFMCW radars, are highly dependent on calibration. Besides, LFMCW configuration
allows multi-target monitoring simultaneously, which is essential in assisting living monitoring
environments.
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Chapter 2. Vital Sign Monitoring Tools

2.4 Signal Conditioning

This section describes the different signal processing techniques used to prepare the signal
displacement for the vital sign and biomarker extraction. It focuses on the different techniques
than can be used for denoising and for separating the skin wall displacement associated with
the respiratory activity from that associated with the heart activity. These techniques can be
divided into three main groups:

e Frequency-domain techniques: spectral analysis and classic filtering.
e Time-domain techniques: EMD.

o Time-frequency domain techniques: wavelet transform and short-time Fourier Transform
(STFT) analysis.

2.4.1 Frequency-domain techniques

These techniques have been traditionally employed in the analysis of vital signs. These
methods involve the examination of signals in the frequency spectrum, breaking down these
signal into its constituent frequencies. Despite the limitations of this approach, the application
of frequency-domain techniques continues to be fundamental in analyzing vital signs obtained
via radar.

2.4.1.1 Spectral analysis

The Fast Fourier Transform (FFT) is primarily used to convert a signal from the time domain
into the frequency domain. After transforming the signal into the frequency domain, the
FFT can reveal the frequency components present in the original signal. Some of these peaks
correspond to specific frequencies associated with physiological activities [Li 06]. Therefore,
this technique has primarily been used to determine breathing and heart rates by identifying
the maximum peak in the frequency range where these signals are expected. This technique
is particularly useful when dealing with physiological signals that exhibit periodic patterns,
as it assumes that the analyzed signals are stationary.

Fig. 2.34 displays the spectra of the ECG signal and the radar displacement. The radar
spectrum exhibits peaks that correspond to respiratory and heart activities. The peaks that
correspond to heart activity coincide with those obtained from the ECG spectrum.

However, due to the dynamic nature of the breathing and heart patterns, these frequencies
can vary along the time, making difficult to identify the peak or peaks related to the breathing
and heart rates. This phenomenon is illustrated in Fig. 2.35, in which the target’s heart
rate oscillates between 60 and 70 bpm, exhibiting two dominant frequencies. However, the
temporal evolution cannot be determined through this technique. Additionally, the accuracy
of heart rate estimation may be affected by the harmonics of the breathing waveform or
intermodulation products [Morg 09]. This is because these harmonics, can either overlap or
be in close proximity to the peak associated with the heart rate, potentially exhibiting greater
power. Fig. 2.35 shows the breathing and heartbeat frequency components identified using
the FFT analysis.
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Figure 2.34: Comparison between the radar displacement and the ECG spectra.
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Figure 2.35: Breathing and heartbeat harmonics identified in a vital sign spectrum.

2.4.1.2 Classic filtering

This technique is the most used processing algorithm for breathing and heartbeat waveforms
separation. It involves isolating a specific frequency range of interest that corresponds to the
aforementioned signals. Traditionally, band-pass filters, such as 4th-order Butterworth filters,
are used to extract the desired signals [Lohm 02]. Figs. 2.36 and 2.37 show an example of
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this technique, where a band-pass filter has been applied to the radar signal, being able to
separate the heartbeat waveform from the breathing signal.
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Figure 2.36: Chest displacement spectrum acquired with the radar where the regions for band-pass
filtering are identified: breathing band —in blue— and heartbeat band —in red-.
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Figure 2.37: Heartbeat waveform extraction using the classic filtering approach.

This technique present some limitations, since it cannot separate signals which overlap in
frequency. For instance, there are breathing harmonics inside the frequency range which is
defined for the heartbeat extraction. With the aim of dealing with this issue, some approaches
have been developed to cancel or attenuate the breathing harmonics in the heartbeat frequency
range, for instance, the use of notch filters [Lv 21].
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2.4.2 Time-domain techniques

Time-domain techniques are also utilized for analyzing vital signs. Unlike frequency-domain
techniques, they do not require any transformation and allow for easy tracking of signal
variations over time, as these signals are non-stationary.

2.4.2.1 Empirical Mode Decomposition (EMD)

EMD techniques are widely used in literature for decomposing nonlinear and non-stationary
signals in diverse fields such as structural health monitoring, biomedical, or geophysics
[Kara 10, Wang 12, Barb 20]. This concept was firstly introduced by Norden E. Huang
in [Huan 98]. The author describes a process to decompose a signal in modes, that are
denominated "intrinsic mode function" (IMF)%. It is important to highlight that the EMD is
a data driven method and not a model driven method. This means that the method varies
according to the input signal. This technique presents some limitations. By definition, every
IMF must have only one frequency component. However, sometimes one IMF contains several
frequencies components. This phenomenon, known as "mode mixing", can be separated in
two groups:

 Closely spaced components. Authors in [Rill 08] state that the relation between the
amplitude and frequencies of the different components that made up the signal are
crucial to the EMD mode mixing problem. They define that EMD cannot separate two
components which frequency ratio (f2/f1) is above 0.67, and amplitude ratio (as/a;) is
greater than 0.5, where f; > fo.

o Intermittency. This could result from interference caused by noise, signals related to
specific events, or other causes.

To alleviate the mode mixing, specially the generated due to intermittency, noise-assisted
techniques such as ensemble EMD (EEMD) [Wu 09], complementary EEMD [Yeh 10], and
complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) [Colo 14],
have been proposed. These methods performs EMD over an ensemble of signals with additive
white Gaussian noise (AWGN). However, these methods present new problems: the IMFs
contain some residual noise and different realizations of the signal with AWGN can produce a
different number of modes. These methods do not solve the mode mixing caused by closely
spaced spectral components. Fig. 2.38 shows the three possible outcomes of EMD: effective
component separation, poor separation resulting in two modes that are not accurate, and no
separation®.

4These IMFs are defined under two main features:

o The difference between the number of zero-crossings and minima is not greater than one: |#Minima —
#ZeroCrossing| <1

e It has a zero mean value of the envelope outlined by the local minima and the envelope defined by the
local maxima.

5Tn the no separation case, only one IMF is obtained.
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Figure 2.38: EMD decomposition analysis. (a) Good separation: frequency ratio of 0.2 and
amplitude ratio of 2. (b) Poor separation: frequency ratio of 0.2 and amplitude ratio
of 10. (c¢) No separation: frequency ratio of 0.2 and amplitude ratio of 200.

Thus, it is important to understand how the limitations of EMD could affect to the vital sign
monitoring scenario. As was previously introduced, and is going to be detailed in Chapter 3,
the cardiorespiratory signal has been widely analyzed in literature, knowing in detail the
amplitude and frequency ranges of breathing and heartbeat waveforms. Thus, it is possible to
identify the cases where EMD can effectively separate these two signals. Fig. 2.39 reproduce
the mode mixing boundary map from [Rill 08], showing in yellow the regions where the two
components are badly separated with EMD, and, in red, the normal ratios where the breathing
and heartbeat waveforms are found. Moreover, the breathing and heartbeat waveforms vary
its frequency over the time, while the IMFs are supposed to be monofrequency signals.
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Iog10 (a2/a1)

Figure 2.39: Mode mixing boundary conditions map. It includes the critical curves defined by
[Rill 08] (a- f =1 and a - f?2 = 1). The red rectangle stands for the vital sign region.
Bad separation region —in yellow—.

It can be concluded that this technique is not suitable for separating vital signs. However, the
amplitude and spectral content of the generated IMFs can be analyzed to eliminate those that
fall outside the predefined range of the vital sign that will be extracted. This allows for noise
reduction and the removal of baselines which can be caused by interfering body motions.

Figs. 2.40 and 2.41 present an example of the application of EMD technique in vital sign
analysis. The analyzed signal in Fig. 2.40 represents the chest wall displacement of a target
in apnea condition. The first IMFs are low-frequency components that may be related to
unwanted body motions. Subsequent IMFs contain information about the signal under test,
such as IMF 4 — 7, while the 8th and 9th IMFs are noisy modes. Fig. 2.41 shows the resulting
waveform after eliminating these unwanted modes.
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Figure 2.40: Intrinsic mode functions extracted from the radar signal using the EMD method.
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2.4.3 Time-frequency domain techniques

Time-frequency signal processing represents an innovative approach to signal processing,
introducing methods, techniques and systems that exploit two natural variables simultaneously:
time and frequency. This departure from traditional signal processing approaches, which are
often based exclusively on time or frequency, bringing a new perspective to signal analysis and
interpretation. It gives an indication of how the frequency content of a signal changes with
time, especially when signals are non-stationary. In this section, we explore two approaches:
Short-Time Fourier Transform (STFT) and wavelet analysis.

2.4.3.1 Short-Time Fourier Transform

The STFT is a signal processing technique for analyzing the frequency of a signal over time.
Unlike the FFT, which provides frequency information about the total duration of the signal,
the STFT divides the signal into smaller overlapping segments and performs the Fourier
transform of each segment individually. Considering a signal s(¢), and a real, even window
centered in t = 7, w(t — 7), the STFT can be defined by the following equation [Boas 15]:

S(t, f) = / T s(w(t — 7)e T dr (2.11)

—0o0

However, this technique has a main limitation: the time and frequency resolution of the STFT
is limited by the window’s width function and cannot be optimized at the same time. A wider
window will allow a better frequency resolution, while a narrow window will allow a greater
temporal resolution

The spectrogram stands for the squared magnitude of the STFT. Fig. 2.42 shows an example
of the spectrogram of a breathing waveform where episodes of normal breathing, apnea,
fast and deep breathing can be distinguished. With the aim of achieving a finer frequency
resolution, a wider window length is required. In this case, to obtain a 0.1 Hz resolution, a
window of 10 seconds is needed. However, this leads to a poor temporal resolution, resulting
in a broadening of the frequency response of each episode and not being able to observe the
transitions between the different frequencies.

However, it is possible to observe changes in the fundamental breathing frequency over time.
A traditional FFT would not be able to provide this capability, as shown in Fig. 2.42, since
it assumes the signal to be stationary. It would display distinct frequency components and
incorrectly identify the component with the highest power (located at 0.2 Hz and corresponding
to the final 20 seconds of the measurement, which represents deep breathing) as the subject’s
respiratory frequency.
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Figure 2.42: Spectrogram of the breathing signal acquired with the radar: differentiating normal
breathing, apnea, fast, and deep breathing episodes. Spectrogram parameters: Hann
window, 99% overlap, and 0.1 Hz of frequency resolution.

2.4.3.2 Wavelet analysis

Another approach to estimate the spectrum of signals that vary over time is the application
of time-scale analysis, achieved through the utilization of wavelet transform (WT) [Mall 99].
The WT can be conceptualized as the representation of a signal by projecting it onto a set of
basis functions. In contrast with STF'T, which uses a fixed window function, not being able
to optimize time and frequency resolution at the same time, the WT uses multiresolution
windows that change the position and scaling of the mother wavelet so as to overcome the
STFT limitations. Thus, WT can capture short-duration, high-frequency components, and
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long-duration, low frequency components. The WT of a signal s(¢), using a mother wavelet
function ¥(¢), can be defined as [Mall 99]:

Ws(ra)= [ s(t)\/law* (t . 7) dt (2.12)

where the wavelet is dilated with a scale parameter a, and translated by 7. Analogously
to the spectrogram, the square magnitude of the WT is also utilized and is referred to as
scalogram. The scalogram of the same breathing signal used for computing the spectrogram
in the previous section is displayed in Fig. 2.43. Unlike the spectrogram, the scalogram has a
higher frequency and time resolution, being able to follow all the frequency variations and the
time instants where they are produced. However, it is usually represented with a logarithmic
representation in the frequency axis, thus, higher frequencies are spread in Fig. 2.43.
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Figure 2.43: Scalogram of the breathing signal acquired with the radar: differentiating normal
breathing, apnea, fast, and deep breathing episodes. Scalogram parameters: Morse
wavelet, symmetry of 3, and time-bandwidth product of 60.
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However, wavelet analysis faces a significant challenge: the selection of an optimal wavelet.
There is no a systematic way of identifying which is the optimal wavelet basis. For the vital
sign scenario, the best wavelet choice can vary depending on the specific vital sign being
analyzed (heart rate, respiratory rate, heart sounds,...). Although different authors have used
wavelet analysis for vital sign estimation, there is no a study, neither a consensus of which
wavelet basis is desirable for each vital sign study. An analysis of which wavelet suits better
for our application is carried out in Appendix G.
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Chapter 3

Comprehending Cardiovascular
Dynamics: Radar Signal Analysis

This chapter describes and analyzes the different signals and biomarkers that can be obtained,
using radar techniques from the mechanical signals caused by the cardiorespiratory activity.
The target displacement measured by radar is separated into different signals before extracting
the different biomarkers: displacement caused by breathing activity (breathing waveform),
displacement caused by cardiac activity (heartbeat waveform), and displacement associated
with heart sounds. In addition, the acceleration of the heartbeat waveform is calculated to
extract some biomarkers, such as heart rate variability (HRV) or pulse wave velocity (PWV).
An overview of the aforementioned vital sign and biomarkers is presented in Fig. 3.1.

Cardiac Activity

Acceleration a

Target

displacement
R(t)

Breathing Activity

Breathing Breathing
E—

Heartbeat _} Heart
waveform Rate
208
Heart sounds

S

Figure 3.1: Overview of the different vital signs and biomarkers which are analyzed from the target
displacement acquired with the radar.!

The sections in this chapter are organized as follows:

o Firstly, Section 3.1 provides an overview of the breathing and heart motion fundamentals,

Tt is important to note that HRV and PWV can also be obtained from the heartbeat waveform. However,
better results have been obtained using the heart sounds and the acceleration signal.
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focusing on the heartbeat dynamics and the events generated in each phase.

o After introducing the cardiac cycle, Section 3.2 analyzes the different signals that can
be obtained from the target displacement signal measured with the radar, including
breathing and heartbeat waveforms and heart sounds.

e Section 3.3 details the different vital signs and biomarkers extracted from the signals
described in Section 3.2.

o After that, Section 3.4 examines the influence of breathing activity on the heartbeat
waveform for heart information extraction. This analysis utilizes the dataset of ten
subjects, where the skin displacement is monitored with a radar simultaneously at the
carotid, chest and wrist locations. Moreover, it explores heart parameter extraction
using higher-order heart harmonics at different locations.

o The heart rate and heart rate variability sequences are analyzed for the aforementioned
dataset in Section 3.5, so as to find the optimum body location to extract these
parameters. In addition, the extraction performance in two long-time measurements is
presented.

3.1 Respiratory and Cardiac Physiology

3.1.1 Respiratory mechanics

The main function of the respiratory system is the oxygen and carbon dioxide exchange
process which takes place inside the lungs. During respiration, muscles contract, causing air
to flow in and out of the lungs and resulting in displacement of the thoracic cage [Ishr 23].
Two main phases can be distinguished in this process:

o Inspiration. During this phase, the diaphragm, which is the main respiratory muscle,
descends into the abdominal cavity, the volume inside the lungs increases and the air
can flow into the them.

o Expiration. This phase happens when the pressure inside and outside the lungs is equal.
In this moment, the air starts to flow out the lungs, while the diaphragm relaxes and
moves back, reducing the chest volume.

It is important to highlight that, due to the anatomy of the rib cage and sternum, respiratory
motion is not uniform throughout the entire thoracic cage. Being differentiated two main
movements [Arth 19] (shown in Fig. 3.2):

e "Pump-handle": It refers to the upward and forward motion of the upper ribs and
sternum along the sagital plane.

o "Bucket-handle": It refers to the lower ribs movement in the lateral dimension.

Thus, the chest surface motion associated with the breathing is the combination of the neck,
abdominal and rib cage movements. Being the largest motion produced in the sternum area.
The displacement of the chest wall due to breathing has been reported to range between 4
and 12 mm [Bori 15].
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Pump
handle

Figure 3.2: Rib motions due to breathing from [Drak 09]. a) The "pump-handle" motion. b) The
"bucket-handle" motion.

3.1.2 Cardiac mechanics

The primary function of the heart is to distribute blood throughout the body. Through its
contractions, it generates sufficient pressure to initiate blood flow. This motion, inside the
thoracic cavity, causes a displacement in the chest surface. The greatest motion takes place
at the apex and its maximum amplitude is below 0.5 mm [Bori 15]. The heart is located
beneath the sternum and its partially overlapped by the lungs. Thus, the maximum chest
displacement can be measured between the fourth and fifth intercostal space.

Anatomically, the heart consists of four chambers: two atria (upper chambers) and two
ventricles (lower chambers). The right atrium receives deoxygenated blood from the body
through the superior and inferior vena cavae, while the left atrium receives oxygenated blood
from the lungs via the pulmonary veins. The atria contract to push blood into the ventricles.
The right ventricle pumps deoxygenated blood to the lungs through the pulmonary artery,
while the left ventricle pumps oxygenated blood to the rest of the body through the aorta.
Fig. 3.3 shows a diagram with the aforementioned heart structures.

Taking a deep insight into the heart dynamics, it is important to highlight that the heart
cycle involves a combination of mechanical and electrical processes [Bett 13]. Mechanically,
as has been previously stated, the heart experiences rhythmic contractions and relaxations,
driving the circulation of blood throughout the body. Electrically, the heart is guided by
electrical impulses that regulate the timing and coordination of cardiac contractions, ensuring
the synchronized pumping action necessary for blood circulation. This electrical response is
traditionally measured with the ECG. The phases of the heart cycle, and the electrical and
mechanical events of the heart are illustrated in Fig. 3.4.

The first event represented in Fig. 3.4 shows the state where the atria and ventricles are
relaxed and the atrioventricular valves (mitral and tricuspid) are open. In this phase, the
atria are depolarized (P wave), initiating atrial muscle contraction. This process causes an
increase in blood inflow to the ventricles. Simultaneously, the vibration of the ventricular
wall during atrial contraction produces the fourth heart sound, S4.

Following atrial contraction, ventricular depolarization occurs (QRS complex). At this stage,
the atrioventricular valves close, preventing the backflow to the atria, and the semilunar valves
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Figure 3.3: From left to right: Diagrammatic section of the heart, where the main cavities and
valves are identified. Typical heartbeat pulse that can be measured using photoplethys-
mography [Subo 22].

(pulmonary and aortic) open. The closure of the atrioventricular valves produces the first
heart sound, S1. This sound may be split, since there is a 40 ms delay between mitral and
tricuspid valve closure. During the interval between the closure of the atrioventricular valves
and the opening of the semilunar valves, ventricular pressure undergoes a rapid increase due
to the absence of blood ejection. Ejection occurs when intraventricular pressure exceeds that
of the aortic and pulmonary arteries, leading to valve opening. Following this, ventricular
repolarization initiates (T wave). Leading to a ventricular pressure reduction.

When ventricular pressure decreases, the aortic and pulmonary valves close abruptly, resulting
in the second heart sound, S2. The closure of these valves is associated with a slight backflow
of blood into the ventricles, which produces the dichrotic notch, which can be seen in Fig. 3.3.
During this phase, ventricular pressure decreases. The atrioventricular valves subsequently
open, and the ventricles begin to fill passively while remaining in a relaxed state. Although
this process is typically silent, there are instances when the third heart sound, S3, becomes
audible. This sound may be attributed to the tension of the chordae tendineae, which are
the structures which connect the heart wall muscles with the tricuspid and mitral valves.
The third heart sound is often audible in children and may indicate a pathology in adults
[Bett 13].

Notwithstanding, the cardiac motion study is not limited to the chest displacement due to
the heart contractions [Bori 15]. The skin surface also moves due to pressure changes in the
blood vessels, specially, at locations where the arteries are near the skin surface. The main
superficial arteries include the carotid artery in the neck, the brachial and radial arteries in
the arms, and the femoral and tibial arteries in the legs. In contrast, veins have much thinner
walls compared to arteries due to the lower pressure of blood flow. Thus, veins contain less
elastic tissue and are not as distensible as arteries. It is also important to highlight that the
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skin surface motion from blood flow is strongly influenced by several factors, such as how
close is the artery to the heart, the size of the artery, and the age of the subject [Bori 15].
Several studies [Gand 10, Laur 20] have showed that arterial wall rigidity increases with age,
resulting in reduced arterial wall flexibility and skin surface motion.
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Figure 3.4: Heart cycle phases. In the heart diagram, the aorta (A), the pulmonary artery (PA),
the right and left atria (RA and LA, respectively), and the right and left ventricles
(RV and LV, respectively) are identified. P represents the pressure within the cavity.

3.2 Radar-Based Cardiovascular Monitoring: Signals
and Interpretation

The literature has extensively analyzed the cardiorespiratory signal, allowing for a comprehen-
sive characterization of its components. It is worth noting that the heartbeat signal usually
displays a fundamental frequency ranging from 0.9 to 3 Hz (equivalent to 54 to 180 beats per
minute), while the breathing signal typically falls within the range of 0.1 to 0.7 Hz (equivalent
to 6 to 42 breaths per minute).

Thus, the frequency ranges mentioned above can be used to extract the waveforms of breathing
and heartbeat over time. Recent studies suggest that information related to specific cardiac

events can also be measured by analyzing higher frequencies, such as the heart sounds
[Will 18].

A brief overview of the various vital signs that can be monitored using radar technology, and
which will be addressed in this section, is shown in Fig. 3.5. This figure illustrates the raw
radar displacement of the chest, the breathing and heartbeat waveforms, the heart sounds
and the acceleration of the chest. The aforementioned signals have been acquired with the
134 GHz LFMCW radar, pointing towards the chest, and the Task Force Monitor (TFM),
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which is used for extracting the ECG. The chest acceleration is also measured with the SCG.
The breathing, heartbeat, and heart sounds have been obtained through the use of fourth
order Butterworth band-pass filters within the specified frequency range? [Bori 15, Xia 18], as
illustrated in Fig. 3.6. In addition, the radar acceleration has been obtained through double
differentiation of the chest displacement data acquired. Further details regarding the signal
processing employed for the extraction of these signals will be provided along this section.

0 Raw displacement |

1 | | | | |
24 25 26 27 28 29 30

E 05F Radar B |‘
0 Exhalation i
E Inhalation Inhalation \

24 25 26 27 28 29 30

Radar HB

Figure 3.5: Comparison between the signals that can be acquired with radar and the reference
sensors (ECG and SCG). From top to bottom: raw radar displacement signal, breathing
signal (Radar B), heartbeat signal (Radar HB), heart sound signal (Radar HS), and
acceleration signal (Radar acceleration).

2HB filtered from 0.8 to 3 Hz, HS from 10 to 30 Hz and radar acceleration from 0.8 to 50 Hz.
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Figure 3.6: Bandwidths for the different vital signals to be extracted with a radar: breathing
waveform (B), heartbeat waveform (HB) and heart sounds (HS).

3.2.1 Breathing waveform

The breathing and heartbeat signals can be separated analyzing the frequency bands shown
in Fig. 3.6. This can be achieved through linear filtering or wavelets. Figs. 3.5¢ and 3.5d
show examples of the waveforms for breathing and heartbeat that were extracted using radar.
These waveforms were obtained using 4th-order Butterworth band-pass filters.

The breathing waveform has practically the same shape that the radar signal displacement,
since the breathing amplitude is approximately 10 times higher than the heartbeat signal
[Bori 15]. Fig. 3.7 shows the breathing waveform obtained from the radar signal and its
high correlation with the chest wall displacement obtained using the Zephyr BioHarness
reference. The differences between the two waveforms can be attributed to discrepancies in
the methodology employed for their acquisition, given that the reference uses a capacitive
Sensor.

— Radar
4+ —— Reference

Amplitude (mm)

-8 I I I I I
0 10 20 30 40 50 60

Time (s)

Figure 3.7: Breathing waveform extracted with the radar compared with the reference signal
obtained from the Zephyr BioHarness 3.0 sensor.

2Note that the heartbeat and acceleration signals are limited to 50 Hz due to hardware limitations of the
SCG, which is used as a reference for comparison.
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Thus, in scenarios where the subject remains still, anomalies in respiration, such as apnea
episodes or sudden changes in breath rate, can be observed directly by inspecting the raw radar
signal. These phenomena are illustrated in Fig. 3.8, where an apnea and hyperventilation
episodes have been forced and captured with the radar setup, and can be identified at a
glance.
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Figure 3.8: Displacement signal acquired with the radar setup in LFEMCW configuration. From left
to right: normal breathing, apnea, hyperventilation and deep breathing time intervals.

3.2.2 Heartbeat waveform

On the other hand, the heartbeat waveform can be retrieved with band-pass linear filtering.
In this work, the heartbeat waveform is defined in the frequency range from 0.8 to 50 Hz, in
order to compare it with the data extracted from the SCG. From this signal, some cardiac
parameters, such as the dynamic heart rate and the HRV sequence, can be calculated.

In addition, it is important to highlight that the shape of the heartbeat waveform varies
significantly depending on where it is measured, as was stated in [Will 17]. This fact is
shown in Fig. 3.9, where the heartbeat waveform has been measured simultaneously at
different locations: carotid, chest and femoral, and they have been compared with the pressure
waveform obtained by photoplethysmography with the TFM. Observing these results and
the ones extracted in [Serm 03, Beta 14, Open 16, Will 17|, it can be concluded that the
heartbeat waveform extracted with the radar is highly correlated to the arterial pressure
waveform. Being this pressure waveform widely used for monitoring and cardiac disease
diagnosis [Vasa 02, Espe 14, Roma 14].
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Figure 3.9: Comparison between the heartbeat waveform extracted from different locations. From
top to bottom: finger —using the TFM-, carotid —using radar—, heart —using radar—,
and femoral —using radar—.

On the other hand, as was introduced in Section 3.3.1, there is an interaction between
respiratory and heart activities. Due to this, a first scenario has been analyzed in which a
subject has been asked to hold his breath. The aim is to eliminate the coupling of breathing
on the heartbeat and to analyze the latter in isolation. Therefore, a 22-year-old male subject
has been monitored in apnea condition, the subject was lying down at 0.2 m from the radar
set-up, where the radar is focused on the subject’s chest. The distance was chosen to reduce
the field of view of the radar to a region which mostly (FoV3of 10 cm?) belongs to the heart
location [Vinc 13]. The resulting waveform and the reference ECG are shown in Fig. 3.10.

Additionally, Fig. 3.10b illustrates that the key points in the heartbeat waveform, which provide
important diagnostic information, can be identified. This is consistent with the typical shape
presented in [Gedd 91] or in Fig. 3.3. The radar sequence presents the prototypical shape of the
arterial pulse waveform measured with invasive catheters or applanation tonometry [Van 01],
which is composed of a forward and backward wave. The forward wave represents the traveling
wave generated by contraction of the left ventricle of the heart, while the reflected wave is the
traveling wave generated by reflection from peripheral arteries [Vari 12].

3FoV ~ Beamwidth - R, where R is the target range. The use of the lens allows a narrower focusing, as
stated in Section 2.1.1.1.
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Figure 3.10: Heartbeat waveform and reference ECG. (a) Full sequence extracted from a subject
holding his breath. (b) Zoom of one pulse of the heartbeat waveform.

On the other hand, Fig. 3.11 shows a more realistic scenario: a 22-year-old male is lying down,
breathing normally, and the radar is positioned at a distance of 1 m from the subject.

1 4

3

a L L
A
‘2!5 0.5 ‘ ' " ' ' ' ! V‘ \/—ECG QE
p e Exhalation begins — :gg ;T"a;?rRadar j
15 20 Time (s) 25 30

Figure 3.11: Heartbeat waveform extracted from a breathing subject. It also shows the displace-
ment acquired with the radar, which contains the breathing and heartbeat signals.*

It shows in green the chest displacement obtained with the radar, where the heartbeat
overlays the breathing waveform, which is the dominant component due to a 10:1 amplitude
ratio between both signals. Thus, the chest displacement roughly corresponds with the
breathing signal. Moreover, the normalized heartbeat (in blue) and the reference ECG (in
red) are also displayed. These results indicate that respiratory activity causes distortion in
the heartbeat waveform, as the heartbeat waveform differs between succesive beats, unlike in
Fig. 3.10. However, the synchrony between the ECG and the heartbeat waveform remains.

4Note that negative displacements correspond to movements in which the target approaches the radar,
which coincides with the inhalation process.
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Additionally, Fig. 3.11 shows that the breathing directly modulates the heart rate: exhalations
increase the pulse periods, whereas inhalations decrease the pulse periods. These effects were
anticipated and have been extensively analyzed in the literature [Mukh 15, Janb 18]. Indeed,
this phenomenon is referred to as respiratory sinus arrhythmia (RSA), which is discussed
in greater detail in Section 3.3.2. RSA provides evidence that there is a coupling between
respiration and the heartbeat.

The effect of RSA in the heart rate (HR) is measurable using radar techniques, and that
the HR can be extracted regardless of the subject’s position. Thus, a experiment is carried
out where a 22-year-old male is measured in a lying down position with the radar focused
on either to the chest (anterior view) or to the back (posterior view). These scenarios are
analyzed when the person is breathing or during apnea. Then, the HR calculated from the
ECG is compared to the HR obtained from the radar measurement (rHR). During breathing,
the HR is compared with the breathing waveform to observe how the breathing affects the
heart rate. The extracted sequences are shown in Figs. 3.12 and 3.13.
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Figure 3.12: HR sequences measured extracted from the ECG and the radar (anterior view).
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Figure 3.13: HR sequences measured extracted from the ECG and the radar (posterior view).
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These results confirm that HR and HRV can be successfully extracted from different locations.
Furthermore, Figs. 3.12a and 3.13c reproduce the correlation between HR and the breathing
signal found by H. Kobayashi [Koba 98]. On the other hand, in the apnea scenario, the heart
rate remains stable as it is not affected by breathing.

3.2.2.1 Acceleration signal

Some cardiac events can be better identified after a previous preprocessing of the radar signal.
Because the radar signal acquired has displacement information of the chest, the double
differentiation of this signal provides information on acceleration. This acceleration signal has
the same nature as the signal provided by an SCG, therefore, some characteristics events, such
as the aortic valve opening (AO), the mitral valve closing (MC), the aortic valve closing (AC),
or the mitral valve opening (MO) shown in [Dehk 19] can be identified. Fig 3.14 displays a
comparison between the SCG reference and the acceleration signal extracted from the radar,
allowing for identification of the aforementioned events.

3.5 U T T -
| Radar acceleration

SCG
3r ECG

Normalized amplitude

Figure 3.14: Comparison between the radar double differentiation and the SCG signal. Locations
of ECG R-peaks are marked with dashed lines.

Regarding the frequency content, authors in [Mazl 09, Xia 18] analyzed the similarities
between the SCG signal and the radar acceleration, stating that a high correlation was
obtained analyzing the frequency range below 35 Hz. However, [Taeb 17] shows that there
is SCG information above 40 Hz related to valve closure. The radar acceleration signal is
analyzed in the 0-50 Hz frequency range, since the reference SCG used is limited to this band.
Moreover, a spectral analysis of the SCG signal is presented in Fig. 3.15.

78



Chapter 3. Comprehending Cardiovascular Dynamics: Radar Signal Analysis

T T T T T T T

=

o
\}
T

Amplitude (m/s®)
o

0.2 7
1 2 3 4 5 6 7
102
~N
==
>
O
C
(O]
>
o
o
L 101
1 2 3 4 5 6 7
Time (s)

Figure 3.15: Time-frequency analysis of the SCG waveform acquired from the subject’s chest.’

On the other hand, it should be emphasized that double differentiation is a noisy process.
So, in scenarios with low SNR, the vital sign analysis through the skin surface’s acceleration
could be extremely challenging. For instance, CW radars have difficulties in the extraction
of the acceleration signal. As was explained in Section 2.3, the impact of the low-frequency
noise is higher in CW radars, which can mask these fiducial points in the extracted signals.

3.2.3 Heart sounds

The vibrations resulting from the aperture and closing of the different valves, which are highly
correlated with the heart sound waveform obtained with the phonocardiograph [Will 18], can
also be obtained from the radar signal. The shape of the heart sound signal obtained from
the radar strongly correlates with the heart sound signal measured with the PCG (see Fig. 1
in [Dehk 19]), which shows the first and second heart sounds (S1 and S2, respectively).

As was explained at the beginning of this chapter, the first heart sound occurs directly after
the R-peak of the ECG signal, and it is result of the closure of the atrioventricular valves.
On the other hand, the second heart sound is a result of the sudden closure of the aortic
and pulmonary valves. The spectrum of heart sound signals have been analyzed in the
literature, and the main information of its components its placed in the 20-150 Hz range
[Arno 84, Amit 09, Will 18]. The amplitude of S1 is higher than S2, so detecting this heart
sound is easier than S2. However, it has to be also highlighted that the heart sounds can be
modulated due to the breathing. During inhalation, the S1 decreases its intensity, whereas the

51f not specified, scalograms are computed using a Morse wavelet with a symmetry of 3 and a time-bandwidth
product of 60.
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S2 increases its amplitude [Amit 09]. The extraction and identification of the different heart
sounds from the radar signal was previously addressed in [Will 18], which utilized a hidden
semi-Markov model to detect heart sounds in both phonocardiograph and radar data. Authors
in [Shi 20] provide a dataset to analyze the heart sounds extraction using a six-port-based
radar system at 24 GHz, the radar signal are synchronized with two external references: an
ECG and a PCG. Fig. 3.16 shows the high correlation between the heart sounds extracted
with the radar and the PCG, using a measurement of the mentioned dataset.
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Figure 3.16: Comparison between the heart sounds extracted with the radar and the reference
PCG. From top to bottom: the heart sounds waveforms, the scalogram of the radar
heart sounds, and the scalogram of the PCG signal.

The morphology of heart sounds also differs based on the location of measurement. For
instance, when heart sounds are measured at the carotid artery, the amplitude of S2 may be
comparable to or even larger than S1 [Chan 13]. This is because the semilunar valves, which
produce S2, are closer to the measurement point than the ventricular muscles responsible for
S1. This phenomenon is displayed in Fig. 3.17, where the heart sounds have been measured
simultaneously with two radars focused on the carotid and to the chest. Since S2’s amplitude
at the carotid location is comparable to that of S1, S1 identification may be challenging as it
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is no always the loudest heart sound in each pulse.
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Figure 3.17: Comparison between the heart sounds extracted with the radar simultaneously at
different locations. From top to bottom: the heart sounds waveforms focused on
the carotid, its scalogram, the heart sounds waveform focused on the chest, and its
scalogram.

It is important to note that while the literature indicates that the majority of the information
contained within the heart sounds can be found within a frequency range from 20 Hz to 150
Hz (from 16 Hz in [Shi 20]), our experience has demonstrated that filtering from 10 Hz to
30 Hz has resulted in more accurate S1 extraction. The time-frequency analysis in Fig. 3.17
confirms that the components associated with the different heart sounds, especially S1, have
spectral content around 10 Hz.
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Moreover, it has to be noted that the scalograms of the heart sounds in Figs. 3.16 and 3.17 have
a huge similarity with the scalogram of the radar acceleration displayed in Fig. 3.15. Indeed,
there is a strong correlation between the chest acceleration measured with the radar and
heart sounds. Authors in [Heck 82] state that the signal measured with a phonocardiograph
represents a transformation (second derivative) of the pressure pulse, being both waveforms
representations of the same phenomenon. This relationship is illustrated in Fig. 3.18, where
the chest acceleration is compared with the heart sounds waveform.
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Figure 3.18: Comparison between the heart sounds and the chest acceleration obtained with the
radar.

3.3 Vital Signs and Biomarkers

This section describes the different vital signs and biomarkers that can be obtained using
radar technology. It focuses on breathing and heart rates, breathing and heartbeat waveforms,
heart sounds, heart rate variability and pulse wave velocity. It should be emphasized that the
results presented in this section have been obtained under favorable conditions, which means
that the subjects were asked to remain as still as possible in order to reduce interference and
potential inaccuracies caused by undesired motions. The robustness of vital sign extraction in
more challenging scenarios is addressed in Chapter 4.
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3.3.1 Breathing and heart rates

The primary parameters extracted in vital sign studies conducted using radar technology are
the breathing and/or heart rates. These rates are traditionally obtained by performing a Fast
Fourier Transform (FFT) to the radar displacement signal and looking for the fundamental
components in the aforementioned frequency ranges [Petk 09, Wang 13b]. However, with this
technique, the time information, which is useful for clinical diagnosis, is lost. These rates can
be obtained dynamically using time-frequency analysis techniques or analyzing the breathing
and heartbeat waveforms in the time domain. This is exemplified in Figs. 3.19 and 3.20.
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Figure 3.19: Spectrum of the radar displacement signal. The regions where the breathing and
heartbeat fundamental frequencies are identified. The heartbeat frequency region is
zoomed and compared with the reference ECG spectrum.

The initial figure shows the radar displacement spectrum after applying the FFT. Although
frequency components related to the respiration and heartbeat signal are visible, it is not
possible to precisely determine breathing and heart rates from the radar spectrum or the
reference ECG spectrum. This is due to the fact that the frequency content of the signals
varies over time, and the FFT lacks the time resolution to detect these changes. On the
other hand, Fig. 3.20 shows the spectrogram of the same radar displacement signal, where the
breathing and heart rates can be identified, observing its evolution along the measurement
time. Moreover, harmonics and intermodulation products of these two frequencies can be
observed. The presence of intermodulation products (the fp+ fg term, in this case) highlights
the coupling between the respiration and heartbeat signals. This coupling suggests that the
two systems are not isolated from each other and should not be studied separately ignoring
this interaction.
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Figure 3.20: Spectrogram of the radar displacement signal. The breathing and heartbeat funda-
mental frequencies are identified, as well as some harmonics and intermodulation
products of them.

3.3.2 HRV

The heart rate variability (HRV) is widely used as a noninvasive tool to assess the autonomic
nervous system (ANS) activity, being used as a biomarker of some disorders, such as sleep
apnea, sudden cardiac death, diabetic neuropathy, or stress [KKhan 09, Tere 12, Tsao 13,
Kang 16, Schw 20].

The concept behind the HRV was first introduced by Stephen Hales in 1733 [Hale 33], when
he noticed a variation in the arterial blood pressure and time length between beats during
the respiration cycle of horses. However, it was not until 1847 when this phenomenon was
documented by Carl Ludwig [Ludw 47], stating an increase in the heart rate during inhalation
and a decrease during exhalation. Nowadays, this is known as respiratory sinus arrhythmia
(RSA). Fig. 3.21 illustrates the heart rate variation due to the breathing process, where
it can also be observed the ECG amplitude modulation due to the breathing [Mukh 15].
Moreover, it shows how during inhalation the subject chest volume increases, reducing
the distance between the radar setup and the region measured, which is represented with
negative amplitude values. The existing correlation between the HRV and the breathing
signal was previously analyzed by H. Kobayashi in [Koba 98], where the HRV was computed
from the ECG and the breathing signal was acquired with a spirometer. Additionally,
the HRV and RSA provide diagnostic capabilities to identify respiratory disorders such as
central sleep apnea, chronic obstructive pulmonary disease or asthma, and refine diagnostic
procedures [Lehr 97, Giar 04, Citi 11, Lee 14].
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Figure 3.21: Breathing waveform extracted with the 134 GHz radar set-up compared with its
reference ECG. The inhalation and exhalation processes are illustrated.

Therefore, this phenomenon further illustrates something that has been introduced throughout
this chapter, which is the undeniable interaction of respiration on heartbeat, underscoring the
intricate relationship between respiratory and cardiac dynamics. This leads us to reject the
simplifications proposed at the beginnings of radar vital sign analysis [Li 10], which suggested
that a person’s chest displacement could be modeled as:

x(t) = Apsin(2m fpt) + Ap sin(2m fyt) (3.1)

where A and Ap are the breathing and heartbeat amplitudes, and fg and fy are the
breathing and heartbeat fundamental frequencies.®

RSA is state-dependent and can be influenced by factors such as breathing pattern, sleep-wake
cycles, psychological stress, physical activity, and age [Eckb 83]. It has been reported that
the maximum RSA can be achieved when the subject breaths at their resonant frequency,
which typically occurs at a slower breathing rate of around 6 breaths per minute [Lehr 13].

5The chest wall’s displacement should be modeled as:
x(t) = Apsin(2nfpt) + Ag sin(27 it 4+ Bsin(2w fpt)) (3.2)

where the heartbeat waveform is defined as a FM signal, whose frequency is modulated by the breathing
waveform in proportion to the term /3, which is associated with the RSA phenomenon.
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At this resonant frequency, there is maximal coherence between respiratory and heart rate
variability, leading to the most pronounced RSA effect.

This biometric is calculated measuring the time difference between successive heart beats
intervals, which are referred in literature as inter-beat intervals (IBIs), as can be shown in
Fig. 3.22 (HRV (i) = IBI; — IBI;_;). Thus, it is necessary to identify characteristic points to
extract the HRV accurately from the radar signal. These time intervals have been extracted
from the ECG, the heartbeat waveform and the chest wall’s acceleration following the next
procedure:

e The time intervals used to calculate the HRV sequence from the ECG are obtained by
measuring the time difference between R-peaks extracted using the Pan and Tompkins
algorithm [Pan 85]. The Pan-Tompkins algorithm is robust and efficient, making it a
popular choice for QRS detection in most clinical and research applications.

o The IBI extraction from the heartbeat waveform is more challenging. As has been
presented in Section 3.2.2, the heartbeat waveform is irregular and can vary even between
successive heartbeats, so identifying these characteristic points it is not a trivial task.
In this thesis, the IBIs have been calculated by measuring the distance between minima,
as displayed in Fig. 3.23. Additionally, the minimum distance between consecutive
minima is restricted to be greater than 1/(2f;), where fy; is the heartbeat fundamental
frequency.

e On the other hand, the post-processing carried out on the acceleration signal calculation
improves the cardiac information extraction. Therefore, the HRV sequence can be
computed with higher accuracy from these signals. The time intervals used to calculate
the HRV sequence from the acceleration signal are extracted by measuring the distance
between maxima applying the same restriction previously detailed. These maxima do
not match the time instants selected in the heartbeat waveform to compute the HRV.
As mentioned above, the maxima from the acceleration radar correlate with the aortic
opening (AO) that can also be observed in the SCG. This is displayed in Fig. 3.14.
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Figure 3.22: Example of the IBI extraction from the acceleration signal and the ECG.
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The HRV sequence extracted from the heartbeat waveform (displacement signal) is label as
HRV g, while the HRV extracted from the acceleration signal is label as HRV 4... An example
of the HRV extraction using the heartbeat waveform and the chest wall’s acceleration is
displayed in Figs. 3.23 and 3.24. This was done to illustrate the effect of noise and interferences
in the HRV extraction using the heartbeat waveform.
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Figure 3.23: HRV sequences comparison. (a) Point identification for HRV sequence extraction.
(b) The HRV sequence extracted from the heartbeat signal is compared with that
one computed from the ECG, with a mean absolute error of 2.34 ms.
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Figure 3.24: HRV sequences comparison. (a) Point identification for HRV sequence extraction.
(b) The HRV sequence extracted from the acceleration signal is compared with that
one computed from the ECG, with a mean absolute error of 0.53 ms.
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Thus, these figures show that extracting the HRV sequence from the acceleration signal
provides better results than using the heartbeat signal. Indeed, the time instants (radar AO)
are easily identifiable, as is shown in Fig. 3.24a, allowing an easier HRV sequence extraction.

3.3.2.1 HRV analysis

Heart rate variability analysis has emerged as a vital tool in cardiology due to its noninvasive
nature, ease of measurement, and provision of prognostic information for patients with heart
disease. HRV serves as a valuable tool for assessing the function of the autonomic nervous
system, particularly in diabetic and post-infection patients, enabling investigation into both
sympathetic and parasympathetic activity [Raje 06]. Regarding HRV analysis, two major
approaches are distinguished: time-domain and frequency-domain measurements. These
metrics are typically calculated for either 24-hour or short-term (approximately 5 minutes)
measurements. Although the same formulas are used for both types of measurements, they are
not directly comparable, as their physiological meaning could vary [Kuus 16]. For instance,
short-term HRV measurements are generated by the relationship between sympathetic and
parasympathetic branches, baroreceptor reflex or RSA. While the 24-hour measurements,
which is the "gold standard" for clinical HRV assessment, are affected by the sleep cycle,
circadian rhythms, metabolism or body temperature [Shaf 17].

Frequency-domain measurements

These measurements estimate the distribution of absolute or relative power into four frequency
bands: ultra-low-frequency (ULF), very-low-frequency (VLF), low-frequency (LF) and high-
frequency (HF) [Shaf 17].

o ULF band: This band encompasses the frequency range below 0.003 Hz and requires a
24-hour measurement.

o VLF band: This band is contained within the frequency range of 0.0033 Hz to 0.04 Hz.
It requires a minimum recording period of 5 minutes, but best results are obtained in
24-hour measurements. The power within VLF band shows a stronger association with
all-cause mortality compared to both LF and HF power.

o LF band: This band mainly reflects the baroreceptor activity during resting conditions,
and it is located within the 0.04-0.15 Hz frequency range. It requires a minimum
measuring time of 2 minutes.

o HF power: This band contains the frequency range above 0.15 Hz. It reflects parasym-
pathetic activity and the HR variations due to the respiratory cycle. It requires a
minimum measuring time of 1 minute.

Time-domain measurements

These measurements quantify the variability of the inter-beat intervals (IBIs). The main
metrics are [Shaf 17]:

o SDNN: Represents the standard deviation of the IBIs of normal sinus beats. SDNN
is more accurate when calculated over 24-hour recordings than during short-term
measurements, being the "gold standard" for medical stratification of cardiac risk in

88



Chapter 3. Comprehending Cardiovascular Dynamics: Radar Signal Analysis

24-hour measurements.

SDNN(ms) = \J v Z(RRZ- — RR)? (3.3)

where RR; represents the i-th IBI.

o« RMSSD: Represents the root mean square of successive differences between normal
heartbeats. This parameter provides a better assessment of RSA. It is correlated with
the HF power.

1 N-1
o 3 (RRiyy — RE)? (3.4)

=1

RMSSD(ms) = \l

o pNNb50: This metric shows the percentage of adjacent normal intervals that differ each
other more than 50 ms. It is correlated with the RMSSD.

_ #lRRH-l - RRi’>50ms
N —1

pNN50(%) x 100 (3.5)

A time-domain analysis of the the HRV sequence extracted with radar is presented in
Section 3.5, with a comparison to the HRV obtained with an ECG.

3.3.3 Pulse Wave Velocity

PWYV is widely used as an indicator of arterial stiffness and has been shown to predict
mortality from cardiovascular disease, ischaemic heart disease, stroke and atherosclerosis
[Till 07]. Moreover, it has been showed that PWV is inversely related with blood pressure
(BP) and can be used for an indirect estimation of this indicator [Gesc 12]. Carotid-femoral
pulse wave velocity (cfPWV) is considered the "gold standard" for measuring aortic stiffness
[Till 07]. PWV can be monitored with invasive methods such as pressure catheter recordings
or with electromechanical solutions which require direct contact with the patient’s tissue
[Pere 15]. It has been reported that these probes require to be placed over the widest pulsation
area and require support from solid structures such as the bones, being uncomfortable for
the patient. Additionally, there are other non-invasive techniques which monitor the time
delay, which is also known as pulse transit time (PTT), between two different locations
using electrocardiograms and photoplethysmograms, piezoelectric pressure transducers or
sphygmomanometers, but all of them requires direct contact with the subject [Pere 15].

To perform this analysis, the heartbeat information has to be measured simultaneously at
different locations. Thus, this study is carried out using a radar network which is composed
by three 134 GHz radar nodes, that are synchronized using an external clock. The ECG
acquired using the Task Force Monitor is used as reference.

The PTT measures from the radar and the TFM are calculated following the signal processing
flow presented in Fig. 3.25. The PTTs from the radar signals are obtained as the difference
between the R-peak from the ECG and the first maxima of the acceleration signal of each
pulse, which was shown that was related with the heart sound S1.
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PHASE HEARTBEAT CALCULATE IDENTIFY CALCULATE PWV
EXTRACTION EXTRACTION ACCELERATION PEAKS PTT

Bandpass Double - E(':I'G: Pli(a_n and —
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Described in
Section 3.3.2

Figure 3.25: Signal processing flow followed to obtain the PWV measurement with the radar.

The IBI extraction is carried out following the same procedure described in the HRV analysis.
The identification of these points are exemplified in Fig. 3.26, where it is noticeable the delay
in the maxima of each signal with respect to the R-peak. This is due to the path that each
heartbeat travels from the heart through the arteries. Once the ECG and the radar points
are identified, the PTT is calculated as the time difference between them.

It is important to highlight that a double differentiation is a noisy process, thus, the noise
present is magnified, as stated in Section 2.3. Despite that, extracting the time intervals in this
signals yields better results than using the heartbeat waveform, as concluded in Section 3.3.2.

Time (s)

(¢) Femoral location.

Figure 3.26: Temporal instants obtained from the acceleration signals acquired with the radar
(after double differentiation) compared with the ECG reference.
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The radar setup used is displayed in Fig. 3.27. The three radars are focused on the region of
interest (carotid, heart or femoral) at a distance of 0.3 m. The person-under-test is a healthy
27 years male, which has been monitored four times in intervals of 60 s.

Figure 3.27: Experimental radar setup. Body diagram with the radar focusing regions and the
estimated path distance between the different measuring points. The distances have
been measured using a tape measure on the surface of the body.

The PTTs obtained are displayed in Fig. 3.28. This figure shows that the PTT measurements
are consistent for each location, thus, it proves that the pulse delay can be calculated using
radar techniques. It also shows how the delay is greater in the locations that are further from
the heart location, as was expected. With these data it is possible to calculate the PWV,
estimating the pulse travel path, as indicated in Fig. 3.27.

Thus, knowing the delay between the heartbeat measured in the carotid, the one measured in
the femoral, and the distance between these two points, the carotid-femoral PWT (cfPWV)
is calculated and represented in Fig. 3.29. The ¢fPWV has a mean value of 6.75 m/s and
a standard deviation of 1.07 m/s which is within the margins defined in the literature for
a healthy male which is under 30 years old [Refe 10]. It is important to clarify that these
measurements are based on a gross estimation of blood vessel length, so further analysis is
required with medical experts.

91



Elias Antolinos Garcia

0.25 . T .
x  Carotid O Heart O Femoral
Carotid (mean) Heart (mean) Femoral (mean)
021 i
_ 015 ¢ 4
L
|_
E X X X
01 .
005 o006 ¢ 80 ¢ 00 |
o ¢
O I I I
0 5 10 15 20
Time (s)

Figure 3.28: PTT measurements calculated for each location: carotid -in blue-, heart -in red- and
femoral -in green-. Solid lines represent the mean of the four measurements carried

out.
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Figure 3.29: Results of cfPWV measurement obtained with the radar setup measuring an under
30 years old healthy male, with a mean of 6.75 m/s and a standard deviation of 1.06
m/s.
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3.4 Impact of Breathing Activity on Cardiac Activity
Extraction

Traditionally, breathing and heart activities are monitored by focusing on the radar to the
target’s chest. However, this chapter has showed that there is a clear interaction between
these two activities. It is evident that the higher interaction between them is going to take
place in the chest region, since the displacement of the rib cage is caused by breathing and
heart activities. Nevertheless, this does not imply that the respiratory signal cannot be
measured in other locations. However, the displacement resulting from breathing activity
is more pronounced in the chest region, and this activity is recorded with greater intensity
in this area. Consequently, some authors propose that more accurate heart rate monitoring
can be achieved when measuring from the back, as the interference from respiration is
reduced [Wang 13a, Vinc 13, Herz 22].

This section presents an analysis of the impact of respiration on the extraction of cardiac
information from different body locations. To this end, two experiments have been conducted.
Firstly, an experiment is carried out where six different targets (three males and three females)
are simultaneously monitored from the chest and the back. On the other hand, other body
locations are also explored. For that reason, a second experiment is conducted where the
carotid, chest, and wrist of a single target are simultaneously analyzed.

3.4.1 Chest and back location analysis

The objective of this experiment is to determine which is the best location to monitor the
heart activity, since, as previously stated, some researchers have indicated that measuring
heart rate from the back may yield better results due to reduced breathing interaction.

In this experiment, six different targets are simultaneously measured from the front and the
back. The target is positioned in a stool, and the radars are placed between 0.5 and 1 m from
the PUT. The errors between the HR sequence extracted with the radar and the ECG are
listed in Table 3.1.

Table 3.1: Heart rate errors obtained from the front and back locations.

Chest Back
Gender | MAER) (bpm) | AEgg, (bpm) | MAEgR) (bpm) | AE gz, (bpm)
M 1.74 0.46 4.20 1.72
F 5.61 1.84 8.72 2.72
F 4.84 1.20 3.47 0.84
M 1.41 0.03 4.12 1.09
F 10.83 0.43 5.08 1.80
M 0.42 0.11 4.99 2.44

The results demonstrate that, in general, extracting the heart rate from the chest region
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provides more accurate results. However, the heart rate extraction in females exhibits greater
variability in the chest region compared to male subjects. By analyzing the radar performance
for each gender separately, the results presented in Table 3.2 were obtained.

In conclusion, these results do not suggest that measuring from the back provides better
results than measuring from the chest. However, greater errors in the heart rate extraction
are obtained with female subjects. These discrepancies in accuracy can be attributed to
variations in thoracic morphology. The thoracic region of men is comparatively flat, which
facilitates the return of the displacement echo to the radar. Conversely, in women, this echo
is more prone to scattering, particularly when measurements are conducted with a narrow
beamwidth, as is the case with measurements conducted with dielectric lens.

Table 3.2: Heart rate errors obtained from the front and back locations: gender analysis.

Chest Back
Gender | MAEyg; (bpm) | AEgg, (bpm) | MAEgR) (bpm) | AE gz, (bpm)
M 1,19 0,20 4,44 1,75
F 7,09 1,16 5,76 1,79

3.4.2 Carotid, chest, and wrist location analysis

The objective of this experiment is to analyze the extraction of heart rate exploring different
body locations, with a particular focus on the potential benefits of utilizing higher-order
heartbeat harmonics. This is due to the fact that at these frequencies, the influence of
respiration is significantly reduced. For that purpose, a 3-node radar network, like the one
presented in the PWV analysis, has been used. In this case, the carotid, the chest and the
wrist locations have been monitored simultaneously.

Measurements were conducted on ten healthy PUT whose information is detailed in Table 3.3.
The group consisted of eight males and two females participants, aged between 22 and 32
years (age: 25.3 + 3.5 years) with different body mass indexes (BMI: 23.5 + 3.4). During the
measurements, all subjects were fully clothed and lying in a supine position, with the radars
positioned at distances ranging between 0.3 and 0.5 meters from each location.

Regarding the analysis of the different locations, the spectrograms of the radar displacement
at each location are presented in Fig. 3.30. The spectrogram of each location is adjusted
to represent a 30 dB power range from the power of the first respiration harmonic. The
frequency component related to respiratory activity is clearly visible at each location, with
greater power observed in the chest displacement signal. It is worth noting that in some
cases, there is an observable interaction between breathing and heart activity in the chest.
This is represented by the signal with frequency fg + fz. The interaction is absent in both
carotid and wrist measurements. Typically, this component is very close to the fundamental
heartbeat harmonic, since the frequency of respiration is relatively low in comparison. This
proximity can lead to distortion of the signal obtained by filtering in the heartbeat band.
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Table 3.3: Overview of all subjects under test.

Height Weight Duration
PUT Age Sex (cm) (kg) BMI (s)
1 22 M 178 78 24.6 780
2 22 F 153 53 22.6 780
3 22 M 172 90 30.4 780
4 28 M 177 65 20.7 780
5 22 M 173 61 20.4 360
6 25 M 181 87 26.6 780
7 26 M 182 62 18.7 660
8 32 M 176 75 24.2 660
9 29 F 165 68 25 660
10 25 M 182 72 21.7 660
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Figure 3.30: Spectrograms and spectra of the radar displacement signal for each location, where
the main frequency components are identified.

Analyzing these signals in the respiratory frequency range, from 0.05 to 0.8 Hz, the results
presented in Fig. 3.31 are obtained. Despite these signals are generated by the same phe-
nomenon, the expansion and contraction of the chest due to the lung motion, the resulting
waveforms differ in shape, but the frequency content coincides. These differences in shape are
most clearly visible at the wrist location, since the movement associated to the respiration
activity is transferred to the wrist by the movement of the shoulders, and not directly by
the movement of the rib cage. This suggests that the separation of these signals is more

95



Elias Antolinos Garcia

challenging in the chest region, given that the heartbeat is more susceptible to being masked
by the respiratory activity.
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Figure 3.31: Radar displacement associated to the respiration activity for each location (carotid,
chest and wrist). From left to right: radar displacement waveform, and spectrum of

each radar signal.

When analyzing the heartbeat waveform extracted using linear filtering, it is observed that
the heartbeat waveform extracted at the chest location is more modulated due to respiration
compared to the carotid and wrist locations, as shown in Fig. 3.32. This modulation of the
heartbeat signal affects its morphology, complicating the extraction of derived parameters
such as HRV with maximum precision. Additionally, it is evident that the heartbeat strength
is higher at the chest location.

o
T

(mm) Amplitude (mm) Amplitude (mm)

-0.004

Amplitude

Figure 3.32: Radar displacement associated to the heart activity for each location (carotid, chest

and wrist), using linear filtering.
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Furthermore, upon revisiting Figs. ?? and 3.30, it becomes apparent that the SNR of the
heart harmonics is higher at different locations compared to the chest. Thus, it is interesting
to understand if the heart information extraction could be improved analyzing these harmonic
frequencies. The resulting waveforms are displayed in Fig. 3.33. The heartbeat modulation due
to the breathing activity is still visible at the chest, but it is negligible at the wrist. The results
of extracting the heart rate and the HRV from the second harmonic are displayed in Table 3.4.
The metrics used to analyze the heart extraction accuracy are defined in Appendix F.2. These
metrics quantify the mean absolute error of the dynamic HR (MAEug;), the mean absolute
error of the HRV (MAEggyv}), and the absolute error of the mean HR (AE {ﬁ})?

Table 3.4: Heartbeat analysis performance comparing first and second harmonic information.

Focusing MAEmr; (bpm) MAEurv; (ms)
region | 1% harmonic | 2" harmonic | 1 harmonic | 2"¢ harmonic
Carotid 3,63 3,22 5,22 5,26

Chest 421 7.80 6,11 11,36
Wrist 3,10 2,82 4,45 425

Amplitude (mm) Amplitude (mm) Amplitude (mm)

Time (s)

Figure 3.33: Radar displacement associated to the second heart harmonic for each location (carotid,
chest and wrist), using linear filtering.

There is an improvement in the results when analyzing the second harmonic instead of the
first one, as the impact of breathing is less significant. However, worse results are obtained at
the chest location. This is because in some subjects, the second harmonic is not visible in
the chest with a sufficient level of SNR, with only the first and third harmonics being visible.

“The mean HR is measured from the FFT, thus, loosing the time information.
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Fig. 3.34 exemplifies this fact. If the third harmonic is analyzed for the chest location instead
of the second one, the MAEyg) is reduced from 7.80 bpm to 4.92 bpm.
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Figure 3.34: Spectrogram of the radar displacement signal at chest location.

In conclusion, the analysis of higher-order harmonics of the heart represents an interesting
approach to reduce the impact of breathing activity on the heartbeat waveform, when
compared with the traditional approach of analyzing the fundamental heartbeat frequency.
Indeed, more accurate cardiac monitoring can be achieved by measuring the second harmonic
when the radar is focused on the wrist. The main issue with this approach lies in the variability
of the waveforms, as they depend on the measurement position, age, sex and constitution.
These shape differences also lead to differences in the contribution of the harmonics. For
example, in the case of the wrist, the first and second harmonics have a similar power level.
Conversely, in the case of the chest, the power reduction of the second harmonic is more
significant, as can be appreciated in Fig. 3.30. Additionally, these harmonics have reduced
power levels as the order increases, making them more sensitive to noise.

3.5 Analysis of Cardiac Data Extraction: Optimal Lo-
cation and Methods

The previous section has demonstrated that the most accurate cardiac monitoring is achieved
when using the second harmonic focusing on the wrist. However, this analysis is limited to the
heartbeat waveform. This section presents an analysis of the HR and HRV extraction, exploring
the use of vital signs other than the heartbeat waveform. The HR and HRV sequences have been
calculated from the heartbeat waveform, heart sounds, and skin acceleration. Moreover, these
signals have been extracted using time-domain and time-frequency domain techniques: linear

98



Chapter 3. Comprehending Cardiovascular Dynamics: Radar Signal Analysis

filtering and wavelet transform, described in Section 2.4.1.2 and Section 2.4.3.2, respectively.
In this analysis, the dataset presented in Section 3.4.2 is analyzed.

The IBIs are calculated following the procedure described in Section 3.3.2. However, so
as to reduce the shape variability in the heartbeat waveform, a more restrictive filtering
step is carried out. The heartbeat waveform is filtered in the frequency range of [0.9 frmin
1.1 fmaz) using a 4th-order Butterworth filter, the minimum and maximum heart rate (fg) is
estimated from the spectrogram. The heart rate extraction from the spectrogram is displayed
in Fig. 3.35. An example of the time instants identified to calculate the IBIs and the extracted
HR is displayed in Figs. 3.36 and 3.37, respectively.
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Figure 3.35: Heart rate extraction from the radar displacement signal (in red).
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Figure 3.36: Time interval identification for HR and HRV extraction from the heartbeat, heart
sounds and skin acceleration signals, focused on the chest location.
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Figure 3.37: HR extraction from the heartbeat, heart sounds and skin acceleration signals, focused
on the chest location.

Fig. 3.37 shows the variability of the HR throughout the measurement. This variation is
primarily attributed to the respiration, the aforementioned RSA phenomenon, as can be
seen in Fig. 3.38, where the breathing signal is superimposed to the HR. Additionally, the
measurement captures instances where the PUT holds his breath, between the 50 and 70
seconds period, leading to reduced HR variation. However, the respiration is not the only
factor which modulates the heart rate, as was explained in Section 3.3.2, the interaction
between the sympathetic and parasympathetic nervous system can also influence the HR.
Fig. 3.39 shows another example of the HR extraction, where the HR is not only modulated
by the breathing, as can be appreciated between seconds 15 and 25, as well as between 35
and 40.
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Figure 3.38: HR extraction from the heart sounds signal compared with the breathing waveform,
showing the RSA phenomenon, focused on the chest location.

100



Chapter 3. Comprehending Cardiovascular Dynamics: Radar Signal Analysis

HR, 119

Acc

Breathing

V

T T T
HR decreases by non-RSA phenomenon

80 / \ -
PN 4 \
’ \ /
N /
\ I

[ {o5 E
ET0L \ 5
g o 3
[h'd L h=—
65 2
T [=3
<

60 - 0.5

0 10 20 30 40 50
Time (s)
Figure 3.39: HR extraction from the heart sounds signal compared with the breathing waveform,

showing that the HR is not only affected by the RSA phenomenon, focused on the
chest location.

Results for each technique and location are summarized in Tables 3.5 and 3.6. These results
are grouped by focusing region and processing technique used to extract the HR and HRV
sequences. Table 3.5 shows the time-domain analysis of the heart activity focused on the
carotid, chest and wrist. On the other hand, Table 3.6 shows the frequency-time-domain
analysis of the heart activity using the optimal wavelet for each location. The analysis of the
optimal wavelet for each location is carried out in Appendix G.

These results allow us to draw some conclusions:

e The mean HR can be extracted from the three locations analyzed with good agreement
(>99% choosing the best waveform for each location).

o These results evidence the distortion that the heartbeat waveform suffers in the chest
location due to the breathing activity. The worst results are observed at the wrist
location, which are attributed to the attenuation of the heartbeat signal and the inherent
challenges associated with radar focusing on this area.

o The results demonstrate that the optimal monitoring of cardiac activity is achieved by
focusing on the chest region and extracting the heart sounds using the wavelet fk4.
Indeed, the lowest errors are achieved using heart sounds or the acceleration signal, in
both linear filtering and wavelets, as these signals are less susceptible to the effects of
breathing coupling, which is coherent with the conclusions of Section 3.3.2. The impact
of breathing harmonics is lower in the heart sounds band, and the double differentiation
process used to extract the acceleration also attenuates these low-frequency components.

o FErrors are slightly higher when focusing on the carotid than in the chest. This is due to
the fact that the automatic identification of S1 at the carotid may prove challenging, as
it is not always the loudest heart sound in each pulse, as stated in Section 3.2.3.
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A comparison of the accuracy in extracting IBI between the chest wall acceleration signal
subjected to linear filtering and heart sounds extracted using the tk4d wavelet, both referenced
against ECG, is illustrated in Figs. 3.40 and 3.41, respectively. The Bland-Altman method,
which is presented in Appendix F.3, is employed to assess the agreement between the two
aforementioned measurement techniques. In both cases, the Pearson’s r?-value exceeds 0.9.
The Bland-Altman plots also show that there is a high degree of concordance between the
ECG and radar data, with errors below 10% observed in over 95% of the extracted IBIs.
This aligns with the maximum acceptable error described in the ANSI/AAMI EC13 [Asso 02]
standard for HR monitoring (£10% or +5 bpm).
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Figure 3.40: Correlation and Bland-Altman plots of the RR intervals measured using the chest
wall acceleration.
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Figure 3.41: Correlation and Bland-Altman plots of the RR intervals measured using the heart
sounds extracted using the fk4 wavelet focused on the chest.
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The HRV sequences obtained have also been analyzed for each subject. The SDNN, RMSSD
and pNNb50 values are calculated analyzing each of the 60-seconds segments of each measure-
ment. The mean values obtained for each subject with the radar and the ECG are listed
in Table 3.7. It is important to highlight that ultra-short-term measurements (less than 5
min of data) are still being studied to prove its efficient use in clinical environments [Shaf 17].
Moreover, it is suggested that for healthy subjects 1 minute should be sufficient for estimating
HR, SDNN or RMSSD as long as professionals carefully remove artifacts. On the other hand,
the recording method used can also have a greater impact on ultra-short-term measurements
than on longer recordings [Shaf 17].

In order to reduce the artifacts that can be presented in the HRV sequences extracted, the
algorithm proposed in [Lipp 19] is applied. This algorithm is capable of identifying the
abnormal beats (such as atrial and ventricular ectopic beats), correct missing and extra beats
with good results. It is also important to note that the application of this algorithm is not
optimal, since it requires 91 surrounding beats to reach the accuracy rates that presents in its
research study.

Table 3.7 analyzes the HRV sequence extracted with the radar only at the carotid and chest
locations, since these are the ones which present better results for the HRV extraction, as
shown in Tables 3.5 and 3.6. Moreover, following the same criteria, only the HRV extracted
from the heart sounds and skin acceleration signals is analyzed. The results presented in
Table 3.7 show a strong correlation between HRV parameter extraction across the majority
of PUT locations. However, it is important to note that this analysis was conducted on
short-term and ultra-short-term measurements, which may be susceptible to artifacts such as
missing beats and ectopic beats. These artifacts can be effectively removed by professionals
to ensure the accuracy of the results.
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Table 3.7: HRV sequence analysis for each PUT.

SDNN (ms) RMSSD (ms) pNN50 (%)
PUT HS ACC ECG| HS ACC ECG | HS ACC ECG
1 Carotid | 71,06 72,26 74,30 | 59,33 62,41 61,55 | 0,29 0,33 0,38
Chest | 73,63 73.75 7430 | 50.84 6026 61,55 | 037 037 038
9 Carotid | 44,77 45,14 45,53 | 38,07 38,52 39,5 | 0,19 0,20 0,21
Chest 59,14 69,56 45,53 | 67,07 81,93 39,50 | 0,45 0,44 0,21
3 Carotid | 41,56 42,20 43,11 | 31,75 30,05 37,01 | 0,10 0,09 0,18
Chest 42,40 4246 43,11 | 33,48 33,76 37,01 | 0,14 0,15 0,18
, | Carotid | 5701 5797 5098 | 4745 4882 5398029 029 037
Chest 60,87 62,51 59,98 | 54,62 57,93 53,98 | 0,39 0,41 0,37
5 Carotid | 52,89 55,63 55,97 | 45,62 47,07 51,21 | 0,25 0,24 0,31
Chest 55,35 54,60 5597 | 50,19 49,29 51,21 | 0,30 0,29 0,31
6 Carotid | 38,76 40,49 37,27 | 22,08 24,64 21,65 | 0,02 0,03 0,03
Chest 43,07 41,98 37,27 | 29,59 31,72 21,65 | 0,07 0,07 0,03
- Carotid | 81,81 86,08 59,10 | 82,61 84,01 4945|043 0,36 0,22
Chest 57,64 59,22 59,10 | 46,97 49,93 4945 | 0,21 0,22 0,22
3 Carotid | 61,29 62,8 60,47 | 69,87 71,90 7146 | 043 0,43 0,44
Chest 58,94 60,45 6047 | 64,19 66,06 71,46 | 0,40 0,41 0,44

0 Carotid® - - - - - - - - -
Chest 27,61 2941 2719 | 1839 1826 1741 | 0,03 0,04 0,02
10 Carotid | 64,74 70,96 62,31 | 48,39 59,23 46,37 | 0,24 0,26 0,26
Chest 98,81 81,79 62,31 | 120,10 83,64 46,37 | 0,55 0,43 0,26

! The measurements taken for PUT 9 at the carotid location are not analyzed since they were not acquired

properly due to a bad radar focusing.

In order to assess the radar’s performance over longer periods, PUT number 4 has been
monitored for one hour. The subject was positioned in a manner identical to that of the
previous experiment, lying in a supine position with the radar directed towards his chest.
The heart rate extracted with the radar using the 'fk4’ wavelet transform its compared with
the heart rate extracted with the reference ECG in Fig. 3.42. The MAEyg) obtained is 0.83
bpm.

The HRV sequence extracted is also analyzed and the results are presented in Table 3.8,
showing that the radar is capable of extracting results highly correlated with the reference
ECG.
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Figure 3.42: 1-hour HR monitoring measurement.

Table 3.8: 1-hour HRV sequence analysis for PUT number 4.

SDNN (ms) | RMSSD (ms) | pNN50 (%)
Radar ECG | Radar ECG | Radar ECG
87,86 84,24 | 72,64 66,44 0,44 0,41

Furthermore, the radar performance has been analyzed in a real-world scenario. For this
experiment, a PUT was monitored for 40 minutes while working on a computer. The radar
utilized is the AWR2243 Cascade, positioned at a distance of 0.75 meters from the target, as
illustrated in Fig. 3.43, where other targets can be identified at 2 and 3 meters. This radar
enables more precise target focusing, specially, when the target is not perpendicular to the
radar. This will be discussed in further detail in Chapter 4, where the radar processing scheme
followed will also be detailed. The extracted HR sequence is compared with an ECG in
Fig. 3.44. The results obtained reveal that when the target is moving the HR extraction is more
susceptible to errors (comparing with those obtained in the previous experiment, Fig. 3.42).
However, a 4-s sliding window has been employed to reduce these outliers, demonstrating

that the averaged dynamic HR extracted with the radar is consistent with the one measured
with the ECG.

Indeed, an analysis of the MAE R, is presented in Fig. 3.45. The results indicate that
approximately 60% of the time, the MAE g is below 2 bpm, and 75% of the time, the error
is below 6 bpm. Conversely, the MAEyg; (after applying the 4-s sliding window) is below 2
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bpm the 70% of the time, while a 95% of the time is below 6 bpm. Therefore, the radar is
capable of accurately follow the averaged dynamic HR.

; TIRadar flbess

0 0.5 1 1.5 2 25 3 3.5
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Figure 3.43: HR monitoring measurement in a real-world scenario. The radar is placed at 0.75
meters from the target.
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Figure 3.44: HR sequence extracted with the radar and the ECG. From top to bottom: the HR
sequences extracted for each pulse, and the HR sequences averaged using a 4-s sliding
window.
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Figure 3.45: Comparison between the error distributions of the dynamic HR and the dynamic HR
averaged (avg).

109






Chapter 4

Vital Sign Monitoring With Radar:
Challenges

Despite the considerable advances made in radar technology in vital sign monitoring, there
are still a number of challenges to be addressed if it is to be made practical for real-world
applications [Sing 21, Isla 22a, Fior 23]. The majority of research is conducted in controlled
scenarios where the target is carefully and accurately positioned facing the radar, at short
distances, and at normal incidence. This research is usually limited to a single target and
does not address multi-target scenarios. Additionally, the majority of solutions presented in
the literature are performed offline and lack real-time implementation.

Thus, this chapter addresses some of these challenges currently facing the research field of
vital sign signal monitoring using radar. The chapter is divided into the following sections:

o In Section 4.1, the simultaneous monitoring of multiple targets is described. This
section presents the vital sign extraction using LFMCW single-input single-output
(SISO)! radars and the advantages of using multiple-input multiple-output (MIMO)
configurations in multi-target scenarios.

o Section 4.2 examines the robustness of the radar system with regard to the extraction
of vital signs. It analyzes the scenarios in which the target is situated at different angles
and distances. Furthermore, it presents the impact of the target movement on vital sign
extraction.

o Finally, Section 4.3 presents a real-time implementation for multi-target monitoring.
This application is capable of measuring simultaneously the breathing and heart activities
of several targets. Moreover, it can detect apnea periods, representing a preliminary
step towards OSA monitoring.

Unless otherwise indicated, all measurements presented in this section are conducted with the
subject(s) seated on a stool facing the radar. In order to facilitate the understanding of the
cardiac information extraction, we use the dynamic HR extraction instead of HRV; however,
both parameters can be monitored accurately, given that both are calculated from the IBIs,

'For purposes of simplicity, the radar comprising a unique TX-RX pair is referred to as an SISO radar.
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as presented in Chapter 3.

4.1 Multi-target Monitoring

Radar vital signal monitoring systems have showed promising results in controlled scenarios
where the target is nearly static in the proximity of the radar sensor. However, in realistic
scenarios, the system should be capable of addressing the presence of multiple targets in the
same area.

The fundamental principle underlying the extraction of multiple vital signs is the localization
and isolation of the target, followed by the detection of the heart and breathing activities for
each subject. The target can be localized in a range domain or an angle-range domain:

» Range localization: The estimation of the target’s range can be achieved by measuring
the flight time of the radar signal as it travels from the radar device to the target and
back. This can be accomplished using any radar, with the exception of CW radars, such
as pulse-Doppler or FMCW radars.

» Angle localization: The estimation of the angle of arrival (AoA) is performed using an
array antenna or a rotating radar. A common method for AoA estimation is through the
use of multiple antennas combined with digital beamforming [Bech 16]. This method
involves a digital combination of the receiving radar channels, which sum constructively
at a specific direction. This increases the gain in that direction with respect to the rest
of angles [Stey 88]. This allows for the separation of targets that are in the same range
bin.

Consequently, beamforming is a signal processing technique based on the application of a
phase shift to each receiving channel with the objective of steering the beam towards a specific
angle. Consequently, these channels are multiplied by a steering vector, resulting in a single
receive channel pointing to the desired angle. The steering vector for a uniform linear antenna
array is calculated as [Vasa 20]:

Qsteering (k) = e 12/ Asin®) = e [0, N — 1] (4.1)
where d stands for the constant separation between antennas, A is the wavelength, 6 represents

the desired pointing direction, and N stands for the number of antennas.

Therefore, after applying the steering vector, the received signal pointing to the direction 6
can be defined as:

N—-1
l'DBF(e) _ Z T[k]e—j%rkd/)\szn(@) (42)
k=0

where r[k] is the received signal at the k' antenna. This equation is analogous to the definition
of the DF'T, which indicates that AoA estimation can be performed using a DFT when the
antenna array is linearly equally spaced [Samm 11].

Thus, this section presents the structure of data captured by LFMCW radars with the
objective of extracting both range and angle information, thereby enabling the localization
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and separation of multiple targets. The working principle of LFMCW radars and the signal
processing steps necessary to isolate the target in range were presented in Section 2.2.

Fig. 4.1 details how the range and angle information is obtained from the data acquired by
the radar:

o Range information: The range-time spectrum is obtained by performing an FFT to
the acquired data along the fast-time dimension. As previously described, the range
resolution is determined by the transmitted bandwidth, which can be expressed as
AR = ¢/2B.

o Angle information: The angle-range spectrum is obtained by performing an FFT along
the RX-channel dimension, if the antennas are equally spaced. The angle resolution is
determined by the array size. The angle resolution can be enhanced through the use of
MIMO radars [Broo 85|, as larger virtual arrays can be obtained with the same number
of antenna elements.
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Figure 4.1: Flowchart with the data structure and information obtained with a multi-antenna
LFMCW radar.

Consequently, LFMCW radars configured with a SISO architecture are capable of distin-
guishing between two targets in range if their separation is greater than the radar’s range
resolution. Nevertheless, a SIMO or MIMO configurations offer another degree of freedom
because their improvement in cross-range resolution (angle resolution) compared to a SISO
configuration.
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4.1.1 Multi-target monitoring: LEFEMCW SISO radars

This section presents an experiment designed to show the LFMCW system’s ability to measure
the vital signs of multiple targets simultaneously. The experiment involves measuring two
male subjects, aged 21 and 25 years, respectively, at distances of 1.2 and 1.6 meters from the
radar setup (Fig. 4.2a). The radar used is the 134 GHz node from Silicon Radar, described in
Section 2.1, and the signal processing flow used is described in Section 2.2.2 and Section 3.3.2.

Moreover, Fig. 4.2b shows that these two subjects can be clearly distinguished in range. Fur-
thermore, the chest displacement waveforms captured and the dynamic heart rates computed
for each subject are also displayed in Fig. 4.3.

_65 L
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Figure 4.2: Multi-target scenario using a LFMCW SISO radar. (a) Photo of the radar setup. (b)
Frequency spectrum of the captured radar signal, where the two targets are clearly
separated at 1.2 and 1.6 m.

However, this configuration presents some limitations:

o [t is necessary to utilize antennas with a wide beamwidth, as the targets must be located
within the radar’s FoV. Therefore, this implies a reduction in antenna gain due to the
less directive nature of these antennas, which consequently affects the SNR.

e There is no AoA information.

o The process of radar focusing is notoriously challenging. In these scenarios, where the
SNR is low, normal incidence to the targets is necessary to increase the radar cross
section (RCS) and, consequently, the received power.
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Figure 4.3: Vital signs extracted from the multi-target scenario using SISO radar. (a) Target
displacement from subject 1. (b) Heart rate from the target located at 1.2 m. (c)
Target displacement from subject 2. (d) Heart rate from the target located at 1.6 m.

4.1.2 Multi-target monitoring: LFMCW MIMO radars

This section describes the use of MIMO radars for target separation using angle and range
information. The radars used in this section are the AWR2243BOOST and the AWR2243
Cascade from Texas Instruments, described in Section 2.1. The methodology employed to
extract vital signs from multiple targets is illustrated in Fig. 4.4.

In this section, the localization of the target in the angle plane is achieved through the use
of digital beamforming. As previously described, a steering vector is applied to the virtual
channels in order to digitally steer the beam towards a specific angle. Digital beamforming
offers a more flexible alternative to analog beamforming, as it is not subject to limitations
regarding the number of directions that can be measured simultaneously.
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Therefore, the first step consists of performing a 2D-FFT in order to estimate the location of
the targets in the angle-range domain. To enhance the target localization process, a static
clutter removal step is conducted, which involves the utilization of a filter in the Doppler
dimension. An FFT in slow time is then performed, wherein the targets exhibiting no
Doppler velocity are filtered out [Ehrn 21]. Once the angle and range of each target have been
identified, the displacement caused by heart and breathing activity is extracted in accordance
with the procedure outlined in Section 2.2.2.

The following example illustrates how beam steering, in this case digital beam steering,
enhances target displacement extraction in multi-target scenarios. Two targets are situated at
approximately the same distance from the radar, approximately 1.2 meters, and at -15° and 20°,
respectively. The radar employed is the AWR2243BOOST, using only the two transmitters
that provide azimuth information (Tx1 and Tx3 in Fig. 2.9). The comparison between
the range spectra of using a single channel radar (SISO configuration) and a TDM-MIMO
configuration with digital beamforming is shown in Fig. 4.5a. Although these two targets are

difficult to distinguish in range, they are clearly separated in the angle-range plot, as shown
in Fig. 4.5b.
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Figure 4.5: Muti-target location enhancement using the AWR2243BOOST and digital beamforming.
(a) Range spectra comparison using a single channel (SISO configuration) and digital
beamforming towards each subject (S1 and S2). (b) Angle-range plot where two targets
which are in the same range bin can be separated.

Furthermore, Fig. 4.6 presents a comparison between the breathing waveforms obtained
using a single channel of the radar (SISO configuration), and applying digital beamforming
towards each target. It illustrates that the waveform extracted using a single channel is a
combination of the breathing waveforms of the subjects. The signals obtained using digital
beamforming are displayed below compared with the signal extracted using the Zephyr
BioHarness sensor [Zeph 12].
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Figure 4.6: Comparison between the breathing waveform obtained using a SISO and TDM-MIMO
configurations, compared with the external reference. From top to bottom, the target
displacement using a single channel, using TDM-MIMO and beam steering towards -15°,
and using TDM-MIMO and beam steering towards 23°.

It is important to note that, at these distances, this radar covers a wide FoV and the heart
information is not accurately extracted. Indeed, the same experiment has been conducted
using the AWR2243 Cascade in order to show the advantages of enhanced angle resolution in
this type of application. This radar allows for a more precise radar pointing with a reduced
field of view, allowing for a more accurate extraction of heart information. The enhanced angle
resolution of the AWR2243 Cascade in comparison to the AWR2243BOOST was detailed in

Section 2.1.

Therefore, the two targets are positioned approximately at a distance of 1.5 meters, with the
first target at -10° and the second target at 15°. The angle-range plot and the maximum
normalized power obtained at each direction are shown in Fig. 4.7. Comparing this plot with
the obtained using the AWR2243BOOST (Fig. 4.5b), it can be observed the higher angular
resolution of this setup compared to Fig. 4.5b. In Fig. 4.7, these two targets are clearly
located analyzing the power distribution in each angle direction.
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Figure 4.7: Multi-target location enhancement using the AWR2243 Cascade and digital beamform-
ing. (a) Angle-range plot where two targets are located at 1.5 meters from the radar.
(b) Maximum power received in each angle direction.

The extracted vital signs for each subject are displayed in Fig. 4.8. These experiments show
that this radar is capable of extracting the vital signs of targets located at the same range
bin using a TDM-MIMO configuration.
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Figure 4.8: Multi-target vital sign extraction. From top to bottom: comparison between breathing
waveforms and dynamic heart rates obtained with the radar and the external reference.

In conclusion, a radar system capable of providing a narrow beamwidth is necessary for the
accurate extraction of cardiac information, such as the AWR2243 Cascade.
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4.2 Robustness Analysis of the Vital Sign Extraction

This section analyzes the robustness of the radar system performance with respect to the
following main aspects:

» Radar field of view: It analyzes whether the vital sign extraction is dependent on the
FoV covered by the radar.

o Target location: It analyzes whether the vital sign extraction is dependent on the target
distance to the radar or the angle at which the target is located from the radar.

o Interfering movements: It analyzes the extraction of vital signs when the target is not
completely still. Two types of motion are described: random body movements (RBM)
and large motions, such as those resulting from walking.

Furthermore, the robustness of the heart rate extraction was showed in Section 3.5, where the
HR and HRV of a single target were monitored in two distinct scenarios: lying on a stretcher
and seated while working on a PC.

4.2.1 Radar field of view

As was previously explained, the radar integrates all the movements within the illuminated
area, referred to as the FoV. Fig. 4.9 illustrates this working principle, where a radar measures
the displacement of the chest.
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Figure 4.9: Diagram of the radar working principle for monitoring the chest displacement due to
breathing and heart activity (AR g pp))-

In this figure, R represents the distance between the target and the radar, while 6 denotes
the antenna beamwidth. Thus, the FoV covered by the radar can be approximated by the
following expression:

FoV ~2-R-tan(0/2) (4.3)

It is evident that, in real-world applications where no prior information about the target
position is available, the radar must cover a wide FoV to ensure the presence of the individual
to be measured. However, the use of a wide FoV is not the most effective approach for vital sign
extraction, as the radar integrates all the movements within its FoV. This is not a problem for
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breathing monitoring, since the movement of the thoracic cage is uniform along a big surface
(41.1 cm-wide in males and 36.7 cm-wide in females, attending to [McDo 09]). In contrast,
the circulatory system can be defined as a distributed system, where the pressure wave,
generated in the heart, travels along the body surface. This effect was shown in Section 3.2.2
(Fig. 3.9) and Section 3.3.3 (Fig. 3.26), where it was illustrated that the heartbeat waveform
varies depending on the radar focusing region. Therefore, a wide FoV will integrate several
pulses, distorting the time information of the desired waveform. Encompassing these questions
regarding the radar field of view:

o It has to cover an area that is narrower or comparable in size to that of the heart (12 x
8 cm? [Vinc 13, Moha 16]) for an accurate monitoring of the dynamic changes of heart
rate or extract HRV.

e Scanning techniques, such as digital beamforming, are required to search and locate
different targets within a wide area. This is necessary to compensate for the use of an
antenna with a narrow beamwidth.

Therefore, it is crucial to evaluate the performance of the vital sign extraction in relation
to the FoV covered by the radar. For that reason, the AWR2243 Cascade radar is used
for this experiment. The radar in question permits both wide and narrow FoVs, as it has
approximately a beamwidth of 70° in H-plane [Texa 20a] for each receiver antenna, which
provides a wide FoV. Conversely, it enables the beam to be "tightened" by approximately
an order of N [Mail 17], where N is the number of virtual channels (86 azimuth channels).
Consequently, with digital beamforming, a beamwidth of 0.8° can be achieved with this radar.

The experiment carried out compares the vital sign extraction of a single target sited at
1 meter from the radar pointing to its chest. The radar covers approximately a FoV of
140-cm wide using a SISO configuration, and 1.4-cm wide using digital beamforming. The
person chest is 40-cm wide. Fig. 4.10 shows the breathing waveform and the heart rate
extracted with two TX-RX pairs (SISO configuration) and using a radar configuration based
on digital beamforming. With regard to the monitoring of breathing activity, both the
SISO configuration and digital beamforming are capable of extracting accurate information.
However, an accurate heart rate is only extracted with digital beamforming.

Therefore, it is advantageous to extract heart activity information using a reduced FoV. This
is also reflected in Fig. 4.11, which compares the spectrum of the heartbeat waveforms used
in Fig. 4.10. It shows that the fundamental heart frequency, which is 0.93 Hz (55.8 bpm),
is clearly identified only with digital beamforming. Conversely, this frequency is masked by
other frequency components in the two SISO configurations.
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Figure 4.10: Comparison between the vital sign extracted using different radar configurations and
the external reference. (a) Breathing waveform extracted using SISO configuration
and digital beamforming. (b) HR extracted using SISO configuration and digital
beamforming.
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Figure 4.11: Comparison between the heartbeat spectrum using SISO configuration and digital
beamforming and the external reference.

An additional experiment is performed to illustrate the extraction of cardiac activity from
different locations within the target’s chest. This experiment takes advantage of the small
FoVs and improved angular resolution that can be achieved with large virtual arrays such as
the AWR2243 Cascade. This experiment consists of a vertical chest exploration using digital
beamforming, from the target’s neck to its abdominal region, as presented in Fig. 4.12a. The
target is lying on a stretcher in a horizontal position at a distance of 0.7 meters from the
radar.
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Figure 4.12: Radar pointing for the chest exploration for the target positioned horizontally on a
stretcher at 0.7 meters from the radar. (a) Angle-range plot. (b) Maximum power
received at each angle direction.

The MAEygr) and the AE (TR} are calculated for an angular sweep between -15° and 15°and
shown in Fig. 4.13. Better results are obtained when the radar is focused on the region of the
heart. On the other hand, the worst results are obtained in regions closer to the neck, since
this region is more sensitive to random movements from the head (angles greater than 8° in
Figs. 4.12 and 4.13).
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Figure 4.13: Errors obtained for each angle direction.

The findings presented in this section are consistent with the research conducted throughout
this thesis. The optimal results have been achieved through the utilization of radars that
provide a narrow FoV (e.g. in Table 2.7), such as the 134 GHz radar manufactured by Silicon
Radar (with a dielectric lens) or the 24 GHz radar at short distances (less than 0.5 meters).
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4.2.2 Target location

In real-world scenarios, vital sign monitoring requires the radar system to be able to extract
these vital signs without target location constraints. Therefore, this section examines the
extraction of vital signs at different target locations, where the target’s distance and the
angle between the normal direction to the radar and the target are varied. Measurements
at varying distances and angles are provided to show that the system is not constrained by
angle or distance (while the FoV is still comparable with the heart size). In this case, two
targets are sited in front of the radar at 1 and 1.5 meters. The target localization is shown in
Fig. 4.14, where targets are located at -3° and 16° with respect to the radar, and their vital
signs are presented in Fig. 4.15.
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Figure 4.14: Multi-target location using the AWR2243 Cascade. (a) Angle-range plot where two
targets are at 1 and 1.5 meters. (b) Maximum power received at each angle direction.
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Figure 4.15: Multi-target vital sign extraction. From top to bottom: breathing waveform and
dynamic heart rate obtained with the radar and the external reference.

124



Chapter 4. Vital Sign Monitoring With Radar: Challenges

In addition, vital signs can be monitored at longer distances. Indeed, the increasing in the
gain due to digital beamforming allows for the measurement of targets at larger distances.
For instance, Figs. 4.16 and 4.17 show the vital signs extracted for a target at 5.5 meters from
the radar, where the extraction is also compared with a SISO configuration.
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Figure 4.16: Vital sign extraction at 5.5 m using SISO configuration. From left to right: breathing
waveform, dynamic heart rate, and heartbeat spectra.
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Figure 4.17: Vital sign extraction at 5.5 m using beamforming. From left to right: breathing
waveform, dynamic heart rate, and heartbeat spectra.

These results show that the breathing activity can be monitored in both cases (with errors
below 1 breath/min), although as anticipated, the cardiac activity cannot. At these distances,
the FoV is still comparable with the dimensions of the heart (using digital beamforming),
since the radar covers an area of approximately 7-cm-wide, so the dynamic heart rate can be
extracted. However, extracting this biomarker becomes more challenging due to the reduction

125



Elias Antolinos Garcia

in SNR as the distance increases. Nevertheless, the heartbeat spectrum plotted in Fig. 4.17
shows that the mean heart rate can still be measured with good accuracy, since the error
obtained is below 1 bpm.

4.2.3 Interfering movements

One of the most significant challenges in vital sign monitoring using radar technology is
the extraction of vital signs in the presence of target movements that interfere with the
measurement process [Isla 22a]. These movements can be random body movements, such as
shaking or postural sway, or voluntary movements during normal activities like walking.

4.2.3.1 Random Body Movements

It is important to note that certain body movements can occur within the amplitude and
frequency range of the vital signs, which can make their accurate extraction challenging. One
such example is postural sway during natural standing, which has been widely studied in the
literature [Soam 82, Kim 12b]. It has been reported that the majority of the power of this
signal occurs below 2 Hz, with an amplitude range that could be of the order of millimeters
and centimeters [Kim 12b, Yama 15]. This signal is normally estimated with the single- and
double-inverted pendulum model [Maur 05].

It can be seen that these movements can interfere with the vital sign extraction process. An
experiment was conducted to measure a standing target at distances of 0.5 and 1 meter from
the radar (AWR2234 Cascade). Fig. 4.18 shows the target displacement and the low-frequency
component of the RBM obtained from the measurement at 0.5 meters. This signal is obtained
using a 4th-order Butterworth low-pass filter with a cutoff frequency of 0.1 Hz (below the
breathing frequency range). It is important to note that the RBM may have components in
the breathing frequency range (0.1-0.6 Hz). Therefore, they cannot be separated from the
breathing waveform and can distort it, as illustrated in the breathing waveform extracted in
Figs. 4.19 and 4.20.
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Figure 4.18: Random body motion caused by postural sway extracted from a target standing at
0.5 m from the radar.
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Figs. 4.19 and 4.20 depict the breathing waveform and the heart rate extracted at 0.5 and 1
meters. In these cases, both vital signs are extracted with satisfactory results. However, as
previously mentioned, the extracted vital signs for a person at one meter exhibit distortions

caused by RBM within the breathing range.
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Figure 4.19: Vital sign extraction at 0.5 m using beamforming where the target is standing in
front of the radar. From top to bottom: the breathing waveform and the heart rate.
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Figure 4.20: Vital sign extraction at 1 m using beamforming where the target is standing in front
of the radar. From top to bottom: the breathing waveform and the heart rate.
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4.2.4 Voluntary movements

Another challenging scenario for monitoring vital signs is when the subject is performing
large-scale movements, such as walking, which significantly overshadow the displacements
caused by vital signs because the movement itself may interfere with the extracted vital signs
when its frequency content is within the vital signs range.

Therefore, the objective of this section is to minimize the impact of body movements and
enhance the extraction of vital signs. For this purpose, a scenario where a target is simultane-
ously monitored from its front and back is proposed, see Fig. 4.21. This radar configuration
exploits the fact that, if the target is moving towards one radar, it is moving away from the
other, and this movement can be mitigated while vital sign contributions remain.

It is important to note that, as detailed in Section 3.1, due to the anatomy of the rib cage and
sternum, breathing motion is not uniform throughout the entire thoracic cage, as detailed in
Section 3.1, which implies that the same displacement cannot be measured from the front
and the back. However, these movements are synchronous. In addition, with the proposed
setup, a motion cancellation is only possible if the movement is performed in the straight line
between both radars.
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Figure 4.21: Scenario proposed for vital sign monitoring when the target is walking.

Assuming that z4(t) is the target displacement (including macro-movements such as walking
and RBM) seeing from one radar?, and z,, is the target displacement because of vital sign
activity, the displacement measured with each radar can be modeled as:

T pront(t) = a - xps(t) + za(t) (4.4)
xback<t) =b- .’L'Us(t) — .Td(t) 45)

where a and b, which share sign, are the coefficients that model the aforementioned non-
uniformity of the movement displacement. Thus,

Icombmed(t> = T front (t) + Tpack (t) =~ (CL + b) . .Z’vs(t) (46)

2Note that the movements performs towards a radar are against the other.
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In this scenario, two experiments are carried out:

o The first experiment is conducted with a target sitting between two 134 GHz radar
nodes, oriented towards the target’s chest and back. The target is instructed to remain
seated and to perform a motion involving movement towards and away from the radar.

o The second experiment involves a target positioned between two 24 GHz radar nodes,
oriented towards the target’s chest and back. In this case, the target is in a standing
position and is instructed to walk towards and away from the line between the two
radars.

In the first scenario, both radars are configured in different frequency bands to prevent mutual
interference. The transmitted center frequencies of the radars (fy and f;) are separated 10
MHz, being 134 GHz and 134.01 GHz, respectively. The radars are separated 1 meter. The
extracted displacement for each radar is presented in Fig. 4.22, which shows the target’s
movement between the two radars and its combination. It shows that the majority of the
movement’s power lies in the low-frequency band (below 0.2 Hz).
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Figure 4.22: Target displacement measured from the front and back radars, and the combined
displacement.

After that, each radar displacement is processed to extract the breathing information, which
is compared with the Zephyr BioHarness. The results are presented in Figs. 4.23 and 4.24.
It is important to note that the radar is unable to extract breathing information when the
target is moving (0-40 seconds).
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Figure 4.23: Breathing waveform and its spectrum from the front radar compared with the external
reference.
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Figure 4.24: Breathing waveform and its spectrum from the back radar compared with the external
reference.

Conversely, Fig. 4.25 illustrates the results after combining the extracted signal from both
radars. In this case, breathing information is accurately extracted.
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Figure 4.25: Breathing waveform and spectrum extracted from the combination of both radars
compared with the external reference.

On the other hand, heart rate can be accurately extracted without combining the radar
information, since the movement forced by the target does not introduces a significant
distortion at higher frequencies (for the heart sounds extraction). Fig. 4.26 shows the heart
rate extraction from the front radar.
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Figure 4.26: Heart rate extracted from the front radar using the heart sounds.
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The issue with this second experiment is that the 134 GHz radar (with the lens) is highly
sensitive to radar pointing. Therefore, conducting the same experiment carried out above
while walking is practically unfeasible, as even minor changes in the target orientation can
result in the loss of signal from the target. Thus, the experiment is carried out using two 24
GHz radars from Silicon Radar, which cover a broader FoV than the 134 GHz radar and are
less sensitive to radar pointing, but the FoV covered is not suitable for an accurate heart rate
extraction.

The experiment is conducted in a manner analogous to the previous one, in which both radars
are configured in different frequency bands to prevent mutual interference between them (with
center frequencies of 24.5 GHz and 24.51 GHz, in this case). The radars are separated by a
distance of 2 meters. Fig. 4.27 illustrates the extracted displacement for each radar, where
the movement’s power also lies in the low-frequency band (below 0.2 Hz).
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Figure 4.27: Target displacement measured from the front and back radars.

Analogously, each radar displacement is processed to extract the breathing information and it
is compared with the reference. The results are presented in Figs. 4.28 and 4.29. It should be
noted that the radar is not able to extract the breathing information.
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Figure 4.28: Breathing waveform and its spectrum from the front radar compared with the external
reference.
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Figure 4.29: Breathing waveform and its spectrum from the back radar compared with the external
reference.

On the other hand, Fig. 4.30 illustrates the results after combining the extracted signal from
both radars. In this case, breathing information is accurately extracted.
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Figure 4.30: Breathing waveform and spectrum extracted from the combination of both radars
compared with the external reference.

It is important to note that more complex networks are necessary to mitigate motion that
does not occur in a straight line between the two radars. The use of MIMO radars, which
permit digital beam steering, plays a pivotal role in these deployments, as they can provide
angular trajectory information and focus the beam in a specific direction, enhancing the
motion cancellation. This approach can be used for both type of interfering movements:
random body movements and large scale movements.

4.3 Real-time vital sign extraction

Another challenge for vital signs monitoring using radar techniques is real-time monitoring.
One of the main concerns regarding real-time implementations is the temporal lag between
the occurrence of a physiological event and the subsequent reporting of that event by the
system, which is referred to as latency. The most commonly utilized vital sign extraction
algorithms are conducted in the frequency domain, which means that at least one period
of these signals must be analyzed for accurate breathing and heart rate estimation. This
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results in the use of analysis windows of, at least, 10 seconds to ensure the inclusion of at
least one breathing cycle (to being able to measure the minimum normal breathing rate:
6 breaths/min [Bori 15]), which implies a minimum delay of 10 seconds for breathing rate
extraction. Indeed, apnea events are defined as periods during which breathing activity ceases
for a minimum of 10 seconds [McNi 08, Ishi 17].

Moreover, these techniques necessitate longer windows® to achieve a reasonable resolution for
breathing and heart rate estimation. The combination of this delay and the filter group delay
introduced during the processing steps may prove inadequate for certain applications that
require a fast-acting protocol. Therefore, a time domain approach has to be used to deal with
low latency protocols.

Thus, this section proposes a real-time implementation of a vital sign monitoring tool designed
to extract the breathing and heartbeat waveforms, as well as the breathing and heart rates for
multiple targets. Additionally, an apnea detector has been implemented, making it suitable
for applications such as obstructive sleep apnea (OSA) detection or monitoring.

In the first instance, a general scheme of this application is outlined, which is designed to be
independent of the radar device used. It only requires an interface block which defines the
structure of the raw data transmitted by the radar. Subsequently, its implementation using
the AWR2243BOOST is presented, due to its capacity of real-time raw data transfer through
the DCA1000 board, as detailed in Section 2.1. However, as was concluded in Section 4.1 and
Section 4.2, this radar is not suitable for an accurate heart activity extraction, since a reduced
FoV is required for this purpose. Therefore, the real-time implementation with this radar is
tested for multi-target breathing activity extraction and the apnea detection scenarios. The
extracted signals are compared with the output of the Zephyr BioHarness, which serves as an
external reference.

4.3.1 Real-time application implementation

A general overview of the real-time implementation is presented in Fig. 4.31. Firstly, the
radar’s raw samples are transmitted to an external PC, which implements an acquisition
process to extract this data. Appendix H.1 details the acquisition process developed in C++
for the real-time application. Subsequently, the multiple target location and the subsequent
extraction of their vital signs are implemented in MATLAB and Simulink. Additionally, they
are compared with an external reference, whose signal conditioning and synchronization with
the radar is implemented also in Simulink. Finally, a graphical user interface (GUI) presents
the extracted data, including the target location, the radar vital signs extracted compared
with the external reference, and an apnea indicator.

3To achieve resolutions of 1 breaths/min or bpm using the FFT, it is necessary to analyze a window of 60
seconds.
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Figure 4.31: General real-time application overview.

Regarding the radar processing implemented, which is illustrated in Fig. 4.32 for the real-time
monitoring of two targets, the same processing steps presented in Section 4.1.2 are followed.

K - ™ Radar processira

Target localization [Simulink]
Target 1 81
. > B , _—| Target
s T | rengorior = emoat 7] "neez®
channels | . = e
> —~ Target 2 Z
\_ J
BF1 ‘ Displacement ’
Digital extraction Vital sign GUI
beamforming| Bgp, ‘ Displacement ’ extraction
extraction

)

Figure 4.32: Flowchart with the real-time radar signal processing for a two-target scenario.

Firstly, the system processes the radar matrix, derived from the acquisition process, with
the objective of identifying the angle-range location of each target. To this end, a 2D-FFT
is employed to obtain the angle-range plot. Subsequently, a clutter removal step is applied,
which consists of a process that averages the chirps of the previous 10 seconds, thereby
enabling the system to adapt to new static clutter appearances in dynamic scenarios.

For target location, the cross-range plot? is calculated, and the two maxima in this plot are
identified as targets. It is important to note that a bounding-box is defined around each

42-D graphical representation, commonly used in SAR, for visualizing targets in the range, and cross-range
(perpendicular to the range dimension) dimensions [Skol 80].
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target, so the two regions cannot overlap. The region is selected to cover the mean chest width,
measured between the shoulders (biacromial breadth [Garl 14]), which has been reported to
be 41.1 ¢cm in males and 36.7 cm in females [McDo 09]. The dimensions of this bounding box
can be fixed in the cross-range representation, but it is not possible in the angle-range plot.
This is because the same chest width covers a different number of angle bins depending on
the target distance to the radar.

Once each target has been located in the cross-range plot, its angle direction is calculated and
digital beamforming is applied to the output matrix of the acquisition process. The angle
direction is updated each second with the mean angle during this period, in order to reduce
the effect of small power variations on the angle direction, which would otherwise result in a
flickering effect.

4.3.2 Real-time vital sign extraction

The processing steps which introduces more temporal lag between the occurrence of a
physiological event and the subsequent reporting of that event by the system are concentrated
in the vital sign extraction. Therefore, this section proposes an alternative processing algorithm
to reduce the system’s time response, which is illustrated in Fig. 4.33.
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Figure 4.33: Flowchart with the real-time radar vital sign extraction.

Firstly, the breathing (B) and heartbeat (HB) waveforms are extracted from the target
displacement. The breathing waveform is obtained directly through an equiripple FIR band-
pass filter®. On the other hand, the heartbeat information is derived from the heart sounds
in order to reduce the impact of breathing harmonics. An additional signal processing
step is applied to the heart sounds before the heart rate estimation, which is detailed in
Appendix H.2. Once the vital sign waveforms have been extracted, the breathing and heart
rates are estimated. The rate estimation process and the apnea detector implemented are
detailed in Appendix H.3.

5Simulink implements this filter using the Parks-McClellan algorithm [Park 72].
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Finally, an average sliding window is implemented to stabilize the output signal rates, as the
breathing and heart rate signal rates vary in accordance with the heartbeat and breathing
instant frequency.

It is important to note that, although the system has been implemented, the cardiac monitoring
tool has not yet been tested in real-time scenarios. This is due to the lack of a device capable
of performing a real-time extraction of the raw data from the radars used for cardiac activity
monitoring in this thesis (the 134 GHz radar from Silicon Radar and the AWR2243 Cascade).
However, breathing monitoring has been tested using the AWR2243BOOST, as the DCA1000
board allows for real-time data extraction.

4.3.3 Case of use: AWR2234BOOST

This section presents the performance of the real-time monitoring application using the
AWR2234BOOST. The radar is configured to utilize two transmitters and four receivers in a
TDM-MIMO configuration. It is also configured to transmit chirps of 128 us, sampled at a
rate of 2 MHz. The pulse repetition frequency (PRF) is set to 100 Hz, which implies that the
chirps are transmitted each 10 ms. The radar is connected to a PC through Ethernet, with
a transmitted bitrate of 6.55 Mbps. The system presented in this section is run on a 2020
laptop® with Windows 10. The system have been tested in three scenarios:

» Single target scenario: The subject is seated on a stool at a distance of 0.7 meters from
the radar, with an angle around 10° with respect to the radar. The subject is instructed
to breathe normally and to perform a random apnea period during the three-minute
measurement.

o Multiple target scenario: Two targets are seated on stools at distances of 1.6 and
2.4 meters, with an angle of -10° and 35°, respectively. The subjects are instructed
to breathe normally and to perform a random apnea period during the three-minute
measurement.

o Sleeping apnea monitoring scenario: The subject is positioned on a stretcher at a
distance of 1.5 meters from the radar. The subject is instructed to breathe normally and
to perform several apnea periods, each lasting between 10 and 15 seconds, during the
measurement. This is done in order to simulate an obstructive sleep apnea monitoring.

In order to accurately visualize the different signals in the GUI, a processing block has
been developed that measures the delay that each signal experiences during each processing
stage. This system then compensates for these delays, providing an accurate synchronization.
Fig. 4.34 shows a summary window that presents real-time data regarding the angle and
distance at which the identified targets are located. Additionally, it displays the breathing
rates measured with the radar and the external reference. Furthermore, each target’s summary
is accompanied by an apnea indicator, which illuminates in red when a period of apnea is
identified. Finally, the targets are situated within the designated angle range.

It is important to note that the delay estimation is not constant and needs to be continuously
evaluated. This is caused by the fact that the Windows operating system (OS) is not a

6All development and test were carried on an AMD Ryzen 7 4750U laptop.
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real-time operating system [Chen 19]. Indeed, on Windows, all requests are processed on a
best-effort basis, without any guarantee of a specific response time. Nevertheless, the principal
factor contributing to the latency in the processing of the different waveforms is the group
delay resulting from the filters implemented in the vital sign extraction stage. In summary,
the time response between a physiological event is captured by the radar and the instant
when it is displayed by the GUI is as follows™:

o Breathing waveform: 7.32+0.02 seconds.
e Breath rate: 9.8240.02 seconds.

These latencies are consistent with the maximum alarm time specified in the ANSI/AAMI EC13
[Asso 02] standard for HR monitoring (<10 s). For the visualization, all the signals are syn-
chronized to compensate the maximum delay response.
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Figure 4.34: Target location window for the real-time application.

4.3.3.1 Single target scenario

The results obtained for this scenario are shown in Figs. 4.35 and 4.36, where the breathing
information is accurately extracted, with a dynamic BR error of 0.5 breaths/min.
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Figure 4.35: Real-time vital signs breathing waveform monitoring of a single target.

"It shows the mean delay for a 5-minute measurement.
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Figure 4.36: Real-time vital signs breathing rate monitoring of a single target.

4.3.3.2 Multiple-target scenario

The results obtained for this scenario are shown in Figs. 4.37 and 4.38, for the target located
at 1.6 and 2.4 meters, respectively. Similarly to the previous scenario, the subjects are asked
to perform some apnea period, randomly, during the measurement. These figures show a high
correlation between the breathing waveforms extracted with the radar and the reference belt
in both cases.
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Figure 4.37: Real-time breathing waveform and rates extracted for the target at 1.6 meters.
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Figure 4.38: Real-time breathing waveform and rates extracted for the target at 2.4 meters.

The discrepancies observed in the rates can be attributed to the fact that the breathing
waveforms measured with the radar and the BioHarness exhibit differences. These discrepancies
can be attributed to random body movements, as can be seen in the 40-60 second interval in
Fig. 4.38. Consequently, the reference and radar signals are not simultaneously triggered.

4.3.3.3 Sleeping apnea monitoring scenario

The target is under the radar in horizontal position and is asked to perform several apnea
periods during a 4-minutes measurement. The results are illustrated in Fig. 4.39.

These results show that all apnea periods are accurately identified. The time lag between the
apnea period and the system alert is within the estimated window (10 seconds)®®. Therefore,
this system is a promising tool for enhancing the monitoring of sleeping scenarios, as it does
not require direct contact with the target, eliminating the discomfort of being wired, which
could result in a less accurate diagnosis.

8An apnea period is defined as a cease of breathing for 10 seconds or longer.
9The cessation of respiration at 250 seconds is only observed for 8 seconds, and thus is not considered as

an apnea period.
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Figure 4.39: Breathing waveform extracted with the radar for the sleeping apnea scenario. The

apnea periods are identified with green vertical bars, and the apnea detector trigger
in red.

Although promising results have been obtained, this technology is still in the prototype phase
and requires further development in certain areas:

o It is necessary to conduct measurement campaigns in clinical settings to validate the
performance of the device in real scenarios.

» Additional efforts must be made to enhance the radar’s robustness against interfering
human motion. At least, it is necessary to identify the time intervals during which the
radar quality is poor in order to extract the vital signs and biomarkers.

o It is also necessary to test the real-time cardiac monitoring implementation with a radar
device that has a narrow beamwidth and is capable of real-time data extraction.

o This system can be implemented in a FPGA to optimize signal processing and reduce
latencies in vital sign extraction.
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Chapter 5

Conclusions and Future Work

This last chapter summarizes the main results and conclusions obtained during the development
of this Ph.D. thesis. In addition, several research opportunities have been identified as a
result of our findings. These possible approaches are suggested for future developments.

5.1 Conclusions

This thesis has been primarily focused on improving the performance of non-contact monitoring
of vital signs using radar technology. To achieve this goal, the work carried out has focused
on three main aspects:

1. Identification of the optimal radar configuration for vital sign extraction.

2. Analysis of the various vital signs and biomarkers that can be monitored with radar
technology.

3. Analysis of the various aspects necessary to make this solution a viable tool for real-world
scenarios, particularly in terms of robustness.

Apart from an initial introduction, the first part of this thesis is dedicated to an in-depth
analysis of the radar configuration parameters, with the objective of achieving optimal
radar performance for vital sign monitoring. In particular, the main analysis provides a
comprehensive comparison between CW and LFMCW radars. This comparison is carried out
at two different working frequencies, 24 and 134 GHz, in order to show that the conclusions
are independent of this parameter. The results show that both configurations can be utilized
with satisfactory outcomes for breathing monitoring. However, LFMCW radars are most
robust in terms of low-frequency noise, IQQ imbalances, and clutter suppression, which enables
more accurate heart activity monitoring. Furthermore, the LFMCW configuration allows for
multi-target monitoring, which is essential in real-world scenarios.

The second part of this thesis examines the different vital signs and biomarkers that can be
extracted using radar technology to monitor breathing and heart activities. It provides a
better understanding of the radar processing techniques used to monitor the dynamic changes
in these signals. Indeed, it is showed that the optimal heart activity monitoring is obtained
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with the information contained in the heart sounds, rather than in the heart fundamental
frequency band. Furthermore, it has been showed that cardiac information can be extracted
from distinctive locations within the body, including the neck, wrist, and leg. This has enabled
the development of a radar network for the non-invasive monitoring of the carotid-femoral
pulse wave velocity, which represents the gold standard for the evaluation of arterial stiffness.

The last part of the thesis is concerned with the challenges of deploying this technology in
real-world scenarios. First, multi-target scenarios are analyzed, demonstrating the necessity
of MIMO configurations to enhance target separation. Second, radar robustness is examined,
concluding that the radar spot must cover a FoV comparable with the size of the heart or
smaller to extract heart information accurately. It has been shown that vital sign extraction
can be performed regardless of target location (angle and distance from the radar) if the
aforementioned FoV condition is satisfied. Additionally, the difficulties encountered by the
radar in monitoring vital signs in the presence of interfering target movements are presented.
Finally, a real-time implementation of vital sign monitoring is detailed. This application
enables multi-target breathing and heart rate monitoring, as well as apnea detection. This
shows the feasibility of this application for indoor monitoring, as well as its potential as a
complementary tool for sleep monitoring scenarios and obstructive sleep apnea diagnosis.

5.2 Future Work

During the development of this thesis, several potential future research directions were
identified:

o Target motion mitigation. As previously outlined in Chapter 4, the extraction of
vital signs in the presence of interference body movements, such as postural sway or
walking, represents a significant challenge that must be addressed in order for radar
technology to be considered a robust candidate for in-home monitoring. It has been
shown that these movements cannot be effectively separated when they lie within the
frequency band of vital signs using a simple radar source. Consequently, future research
should focus on the development of more complex radar networks that can provide an
accurate motion decomposition, particularly in the case of random trajectories, in order
to mitigate these movements. The deployment of phased-array radars, which possess
the capacity to direct the beam towards the target in conjunction with blind source
separation signal processing techniques such as independent component analysis (ICA),
could be an effective means of dealing with this problem [Li 23]. This technique can be
used to isolate random body movements from vital signs, since the vital signs can be
observed from all the sources, being highly correlated, while the interfering movements
change between sources, since they are asymmetric.

o Biometric authentication. In addition to their applications in health sensing, radars
have the potential to play a significant role in enhancing system security and privacy,
particularly in the context of user authentication. Indeed, vital sign-based user identity
authentication is one of the new trends with radar in the field of vital sign monitoring.
Recent studies have proposed the use of ECG signals for this purpose due to their
high inter-person variability [Melz 23]. The results obtained in Chapter 3 have proven
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the accurate performance of radar technology to monitor different biomarkers such as
HRV, PWV. or the different breathing and heart rates simultaneously. Thus, radar is a
promising solution for biometric authentication with the advantage of being non-invasive
and non-contact compared to other authentication systems.

Cardiopulmonary disease evaluation/detection. Most of the results available
in the literature on vital signs monitoring using radar are based on a limited human
population, usually young healthy subjects. Throughout this thesis, especially in
Chapters 3 and 4, it has become clear that radar systems can be a viable solution
or supporting tool for medical assessment. However, more research is needed with
real patients in realistic medical scenarios. Longer public datasets, combined with the
advances in pattern recognition and machine learning, may be a promising area of
research that could help in the early detection of medical complications. For example,
the ability to detect arrhythmias or periods of apnea during sleep monitoring could
alert the subject to consider medical evaluation [Kang 20].

Implementation in home-monitoring scenarios. The integration of radar into our
daily lives is one of the hot topics related to this technology, particularly for elderly
care. Most efforts are directed towards the vital sign monitoring of individuals in their
domestic environments. For example, [Hu 22] proposes a novel FMCW radar-based
vital sign monitoring method for monitoring the vital signs of individuals while they
are walking indoors. Nevertheless, vital sign monitoring is not the only research area in
which radar is used for in-home monitoring. There is an increasing number of studies
investigating the classification of human activity, with most of them focusing on fall
detection [Fior 23]. Additionally, radar is also being employed for indoor gait monitoring
with the objective of early Parkinson’s disease detection [Lope 23].

Explore the extraction of other cardiovascular parameters. In recent years,
considerable effort has been directed towards the development of non-contact technology
for blood pressure (BP) monitoring. Hypertension represents a significant cardiovascular
risk factor associated with an increase in complications and mortality rates regardless of
age group [Coll 02]. Thus, improving the monitoring of this parameter is a major health
priority, since almost a third of adults suffers from hypertension [Worl 23]. Nevertheless,
a method has not yet been developed that allows for monitoring without the need for an
external reference, which is normally used to calibrate the system. The proposed devices
are based on the underlying principle of the relationship between the time it takes for a
volume of blood to travel from the heart to the peripheral organs. This can be calculated
through the PTT or the pulse arrival time [Shar 17]. After that, several mathematical
model have been proposed to optimize the regression process between the pulse travel
time and the BP, some of them are listed in [Shar 17]. However, each of these studies
necessitates the calibration of the relationship between BP and PTT. This calibration
is specific to the individual subject. This gives rise to two principal issues: the manner
in which to address scenarios involving multiple subjects and the circumstances under
which recalibration may be required. It has been demonstrated that the PTT depends
on factors such as age and weight, which introduces a degree of complexity when
attempting to generalise the findings across different populations. New developments
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in the field of machine learning have prompted the use of neural networks to address
this issue. The radar signals are collected with calibration parameters, including age,
gender, height, and weight [Vyso 23]. However the dataset and the network used were
insufficient in size to provide accurate and concluding results.
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Appendix A

Radar Working Principle

This appendix provides the mathematical formulation behind the two types of radar waveforms
utilized in this thesis: continuous-wave (CW) and linear-frequency-modulated continuous-wave
(LFMCW) configurations.

A.1 CW radars

The ideal CW transmitted signal can be defined with the following expression:
S (t) = Aexp (27 fot + @)) (A.1)

where fj is the transmitted frequency and ¢ is the initial phase. The received signal for a
point scatterer at a range R(t) can be expressed as:

s10lt) = o510 <t - QR(”) (A.2)

c

where o is the reflection coefficient of the target and %(t) is the round trip delay, being ¢, the

light velocity. The received signal is mixed with the transmitted one, thus:
olt) =s0a(t) - 52, (8) =
2R(t

c

woesp (3 (2t + 6 2mpu + TR )

Therefore, the radar baseband signal can be expressed as:

A foR(t
sp(t) = Apexp <j7ffoc()> (A.4)
where A, is the signal amplitude. Thus, the displacement information is contained in the

phase of s;(t).
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A.2 LFMCW radar

Analogously to CW radars, the LFMCW transmitted signal can be defined as:

Si2(t) = Aexp (j (27rfot + Wl;t2>) , t€[0,7] (A.5)

where fy stands for the initial transmitted frequency, B is the transmitted bandwidth and
T is the sweep time. Similarly, the received signal is the transmitted signal that has been
delayed in time by the round-trip propagation time, which is given by the ratio of the target
range to the speed of light, 2R(7)/c, where the range is assumed constant for each sweep
time!, and 7 is the so-called slow time:

Spz(t, T) = 05y (t - 2R(T>> (A.6)

C

In the demodulation process, a replica of the transmitted signal, Eq. A.5, is mixed with the
received signal, Eq. A.6, which is the so-called beat signal. The beat signal is given by:

sp(t:7) = 81a(t) - 57,(8) =

Aexp (j (27Tf0t + w§t2)> Ao exp (—j (27Tf0 (t - QRCW) + W? (t _ 2R6(7)>2) _

2
A%g exp (j (27Tfot + W§t2 — 27 fot + 47TfoR(CT) — W?ﬂ + 47TB§S_)25 — 47TB§£72') )
(A.7)
Simplifying,
sp(t,7) = Apexp (J(2m fo(T)t + o(7T) + P2(T)) (A.8)

Therefore, the beat signal follows a sinusoidal waveform with a frequency known as beat
frequency f,(7) = 22R(7), ¢(1) = 4m foR(7)/c, and ¢o(T) = _47r1?1;22 () $o() represents the
residual video phase (RVP) [Carr 95], which is found to be negligible and can be ignored,
since it is proportional to 1/c?.

IThis is known as the stop and go assumption [Carr 95].
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Appendix B

IQ imbalance influence in phase
extraction

B.1 CW case

The phase extraction in CW radars is carried out by performing the arctangent demodulation
of the beat signal. The beat signal defined in Section 2.2 (Eq. 2.2) can also be expressed as:

sp(t) = 1(t) + Q1) (B.1)
where I(t) and Q(t) are the in-phase and quadrature signal components, respectively. Non-
ideal systems induce amplitude and phase imbalances between both channels which have to
be calibrated. Additionally, there are dc-offset problems that have to be addressed in the 1/Q
demodulation. Therefore, the I- and )-channels have the following expressions:

(AT .
[(t) —A[ COS < - R(t) + ¢1) + DC] = (B2)
Ajcos (04(t)) + DC
Q(t) = Agsin (A“Cf “R(t) + ¢Q> + DCy (B.3)

where A; and Ag are the component amplitude, ¢; and ¢¢ are the initial phase-shift, and
DCy and DCy are the signal bias. It is also possible to redefine Q(¢) in terms of the amplitude
imbalance, A, = Ag/A;, and the phase imbalance, ¢. = ¢pg — @1, the resulting expressions
are [Hu 13]:

I(t) = Arcos(©4(t)) + DC;

Q(t) = ArAcsin(O(t) + ¢.) + DCq (B.5)

Therefore, the phase extracted from the beat signal has the following expression:
t
Pmeas(t) = arg(sy(t)) = tan™ (%3) _
(B.6)

tan

[ Adsin(©1(6)) cos(.) + cos(©; (1)) sin(,)] + 25 }
cos(O;(t)) + DACIYI
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This result implies that all the channel imbalances and dc-offset affect the phase extraction
and have to be previously calibrated.

B.2 LFMCW case

The phase extraction in LFMCW radars is carried out by performing the arctangent demodu-
lation of the beat signal, but unlike in CW systems, it is done in the frequency domain.
I(t,7) and Q(t,7) are the phase and quadrature signal components, respectively. Taking into
account the non-ideal components aforementioned in the CW case, the I- and ()-channels
have the following expressions:

Am fe
C

I(t,7) =Aj cos (27rfb(7')t + R(7) + ¢1> + DC; (B.7)

Q(t, T) = AQ sin (27be(7')t + 47;fc

The beat signal is windowed to enhance the dynamic range and to reduce the interference of
unwanted components. Being w(t) the window response, the beat signal can be written as

sp(t,7) = (I(t,;7) + jQ(t, 7)) - w(t) (B.9)

Performing the Fourier Transform of the beat signal, it follows the next expression:

5(f — fb>exp( (‘”fc (M) + ))

7) + ér )
+DCr(f) * W(f)+

o(f - ﬁ)exp( (ch )+ Q>)
R

R(7) + ¢Q> + DCg (B.8)

Sb(f7 T)

+6(f + fo) exp (—j (

(B.10)
AQ
—0(f + fo) exp (-j ( )+ ¢q )
+iDCQ(f) « W(f)
Analyzing Eq. B.10 at f = f3, it is obtained that:
Sp(for T) =
AI . . 4m c
- [L+ Acexp(joc)] exp (] ( R(7) + ¢z>> W(0)+
(B.11)

e p

2
+ [DCr + jDCQIW ()

+ ﬁu — Acexp(joe)] exp ( < R(7) + @)) W (2fy)+
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Therefore, since the selected window has side lobe levels higher than 30 dB, the phase extracted
can be approximated as

arg(Sy(fp, 7)) =~ 47chR(7_) +tan™t (

C

(B.12)

Acsin(oe)
1+ Accos(ope)

where it can be observed that the imbalance due to dc-offset does not significantly modify
the extracted phase. On the other hand, if the phase and amplitude imbalances do not vary
with time, they can also be ignored, since they are constant. In summary, from Eqs. B.6 and
B.12, it can be concluded that dc-offset only affects in the phase extraction in CW radars.
Additionally, amplitude and phase imbalances have a higher impact in CW configurations.

B.2.1 Phase correction: LFMCW case
The beat signal, already defined in (2.3), follows this expression:

sp(t, T) = exp j(2m fio(T)t + ¢(7)) (B.13)

where ¢(1) = LCR(T). Performing an L-point FFT of the beat signal (s,(t,7)), the phase
measured evaluating a single bin can be expressed as:

gbmeaS(T) = ¢(T) + ¢67‘7‘OT (B~14)

where @e-or represents the phase error since the frequency of the signal s,(¢) does not match
with FFT bin. The insertion phase of the filter bank implemented via an L-point FFT is
linear from =* to &, as displayed in Fig. B.1, so this insertion phase can be model as:

/0

(berrm“ = Ff(fb - szn) (B15)

where Af = f,/L is the bin separation in an L-point FFT, and f, represents the sampling
frequency.

/2

y (f) = /Af (f- fpin)

fbin" - Af/2

fpin" + Af/2

-T1/2

Figure B.1: Insertion phase for the filter bank developed with an FFT.
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Thus, after performing the L-point FFT, ¢,,cqs can be model as:

_Anf.R(T)

Grmeas(T) = + A”fm(ﬂ — frin(7)) =

A f.R(T) N L (23R(7’)

- fbin(7)> = (B.16)

c fs Te
Anf.R(T) 2wBLR(7)  wL fyin(7)
c T fTe R

Thus, the chest displacement can be expressed by the following equation:

R( ) ¢meas(7') + 77TLon(T)
T)= drf. | 2nBL
c + fsTc

(B.17)

It is also important to highlight that the measured phase from the FFT is wrapped in the
[—7,+7] range, so an unwrapping algorithm has to be applied.

Moreover, the Cramér-Rao lower bound (CRLB) has been calculated. The new approach
proposed is compared with the most used methods in the literature to extract the range
information from the phase: arctangent demodulation (ATAN) and the differentiate and cross
multiply (DACM) algorithm. Results are displayed in Fig. B.2, showing that our algorithm
reaches the Cramér-Rao bound.

R estimation

20 T T T T T T T
= = =CRLB
ATAN i
40 DACM
Proposed technique
60
-BO [

MSE (dB)
&

140 |

=160

__1 BD 1 1 1 1 1 1
=20 -10 0 10 20 30 40 a0 60

SNR (dB)

Figure B.2: Range estimation simulation results. The proposed technique (in orange) is compared
with the arctangent demodulation (in blue), and the DACM algorithm (in green).
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Appendix C

Optimal Working Frequency Band

It is necessary to analyze which working frequency band is more suitable to perform the
detection of vital signs. For that purpose, the modulation sensitivity [Gu 13] of CW and
LFMCW radar is analyzed. This analysis takes into account the signal’s nature described
in Chapter 3: breathing amplitudes between 4 and 12 mm and heartbeat amplitudes below
0.5 mm. Two scenarios has been analyzed:

 Best working frequency to detect a vibrational movement (the chest displacement).

o Best working frequency to detect the heartbeat signal, taking into account the breathing
coupling.

C.1 Scenario 1: No Coupling

This scenario analyze the optimal frequency to detect a vibrational movement in CW
and LFMCW radars. The chest displacement is simplified to a single movement R(t) =
Ry + Asin(wt), being Ry the target initial position, A the displacement amplitude and w the
angular frequency. This scenario does not take into account the coupling between breathing
and heartbeat signals.

C.1.1 CW radar

Using the target displacement simplification, the CW radar baseband can be expressed as:

sy(t) = exp (j (‘”f fo | 4m/, CASZ"rL(Mf))) (C.1)

C C

Applying that exp(jzsin(0)) = Y52 Jr(2) exp(kb):

sp(t) = i Jk <4ﬂch> exp (j <47TJ;CRO + kwt)) (C.2)

k=—o00 ¢

where Ji(z) stands for the Bessel function of order k of the first kind.
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The term \Jl(ﬂtfﬁ)\ contains the information of the desired chest displacement, simplifying
it as the fundamental (k=41) modulation tone (breathing or heartbeat). Fig. C.1 shows the

sensitivity of the system in terms of the working frequency and vibration amplitude that is
pretended to be detected.
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S
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Figure C.1: Detection strength (|J1(#)|) depending on chest displacement amplitude and

frequency.

The maximum detection strength for each amplitude displacement along the frequency range
is represented in Fig. C.2:
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Figure C.2: Optimum frequency depending on the chest displacement amplitude. From left to
right: breathing and heartbeat amplitude ranges.

176



Appendix C. Optimal Working Frequency Band

It shows an optimum frequency to detect a vibrational movement in the range of the heartbeat
amplitude of needs to be higher than 80 GHz, while the optimum frequency to detect
amplitudes in the range of the breathing should be below 20 GHz. These results suggest to
use a working frequency higher than 80 GHz to maximize the heartbeat detection, since it is
more challenging that the breathing detection.

Conversely, it is important to consider that this is from a detection point of view. Given that
the displacement information measured is derived from the argument of the beat signal (s,(t)),
it is evident that the higher the transmitted frequency, the greater the precision obtained.
This is due to the fact that the phase change is proportional to the transmitted frequency for
a given displacement, as can be derived from Eq. C.1.

C.1.2 LFMCW radar

In the LFMCW case, the same steps carried out in the CW case can be applied to define the
beat signal as follows:

sp(t,7) = exp (; (4;3 (Ro + Asin(wr))t + ZfO(RO—FAsin(wT)))), te0,T] (C.3)

where B stands for the transmitted bandwidth, fj is the initial transmitted frequency, T is
the sweep time, and 7 stands for the slow time.

Applying the equivalence of exp (jzsin(6)) = Y52 Ji(2) exp (k0):

ArBR At foR
sp(t, 7) =exp (j( FTc O + W]z] 0)).

( i " (47TBA )exp ; km) , ( S, <47rf0 )exp (jnw)>

k=—o00 n=-—00

(C.4)

Simplifying,

> 4 BA 47Tf0A . 47TBRO 47Tf0R0
kgoo n;oo Ji ( ) I ( . > exp (] < T t+ . + (k+ n)um’))
(C.5)

The terms £k = £1 with n = 0, and n = +1 with £ = 0 contain the information of the
desired breathing or heartbeat vibrations. In this case, there are two Bessel functions, one
which modulates s(¢, 7) along the fast time, ¢, and the other which modulates it along the
transmitted frequency. The optimum frequency have been calculated measuring the maximum
of Sy(f,7), which stands for the FFT of s,(¢,7) along the fast-time dimension. Fig. C.3
shows the sensitivity of the system in terms of working frequency band and amplitude that is
pretended to be detected. The simulation was conducted using standard values of bandwidth
and sweep time: 12 GHz and 1 ms, respectively. Moreover, from Eq. C.5, it is appreciated
that the bandwidth also affects the vibration modulation. Therefore, the optimum working
frequency obtained for the breathing and heartbeat frequency bands, for different transmitted
bandwidths, are illustrated in Fig. C.4.
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Figure C.3: Detection strength max(|Sy(f,7)|) depending on chest displacement amplitude and

frequency.
25 ‘ ‘ ‘ ‘ 200
20
N ~N
I T 150
Q15 S
> >
o o
c c
g g
5107 o
3 ® 100 -
L L
5 .
0 L L L L 50 L L L
2 4 6 8 10 12 0.2 0.3 0.4 0.5 0.6

Amplitude (mm) Amplitude (mm)

Figure C.4: Optimum frequency depending on the chest displacement amplitude. From left to
right: breathing and heartbeat amplitude ranges.

The maximum detection strength for each amplitude displacement along the frequency range
is also compared with the CW case presented in Fig. C.2, showing that transmitting higher
bandwidths a lower working frequency is needed for an optimal vibration detection.

C.2 Scenario 2: Coupling

This scenario analyzes a more realistic case regarding to vital sign monitoring, since the body
movement to be detected is caused by the sum of breathing and heartbeat. Therefore, the chest
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displacement is modeled as the sum of two sinusoidal movements: one belonging to the breath-
ing and other one for the heartbeat. In this case, R(t) = Ry + Agrsin(wgT) + Agsin(wyT),
where Ar and Ay are the breathing and heartbeat amplitudes, and wg and wy are the
breathing and heartbeat angular frequencies.

C.2.1 CW radar

Using this target displacement model, the CW radar baseband can be expressed as:

sp(t) = exp (j <4WfCRO + AnfeAr sin(wgt) + 47Tf2AH sin(wHt)>> (C.6)

C C

Applying that exp (jzsin(6)) = 332 Ji(2) exp (k0):

Z i Iy, <4chAR> Iy, <4ﬂf;AH> exp (j (47T];CRO + kwpt + ant>> (C.7)

k=—00 n=—00

It can be observed that there is a coupling between breathing and heartbeat signals. The impact
of breathing signal on the heartbeat detection is analyzed, since the heartbeat extraction is
the most challenging one. The terms k = 0 and n = £1 contains this information. Fig. C.5
shows the sensitivity of the system in terms of working frequency and the breathing amplitude
(for a heartbeat signal of 0.5 mm amplitude). It shows that selecting an optimal frequency is
not trivial, since it varies with all the aforementioned parameters: breathing and heartbeat
amplitudes and working frequency. Fig. C.5 shows that there are certain frequencies where
the heartbeat strength is not null, but these gaps are filled with a finer breathing amplitude
sweep.

0.15 . T .
—AR=4.O mm
0.1k —AR=6.0 mm ||
g; - ' l AR=8.O mm
wn ——A_,=10.0 mm
0.05 ‘ ‘ R |
AN y I \/ ' l\ ” W,, 120
0 Vi "A'\ AR
0 50 100 150 200

Frequency (GHz)

Figure C.5: Sensitivity depending on breathing amplitude and frequency for a heartbeat amplitude
of 0.5 mm.
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Fig. C.6 shows the frequency where heartbeat strength reaches its maximum for different
breathing and heartbeat amplitudes. It also shows that there is not an optimum frequency
for the desired application, since the breathing and heartbeat amplitudes vary with the time
and with the body location where they are measured.
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Figure C.6: Optimum frequency to detect the heartbeat signal depending on the breathing and
heartbeat amplitudes.

C.2.2 LFMCW radar
Analogously to the CW case, the beat signal can be defined as:

ATBR, 4Tt BA 4rBA
sp(t, 7) =exp (]( WTc % + WTC B sin(wpr)t + WTc 2 sin(wyT)t+

A7 folio + Am foAr sin(wgrT) + ZmeAHSW(WHT)>)

c c c
Applying that exp (jzsin(0)) = 222 _ o Jk(2) exp (k#), and simplifying:

SIS SID SED DD S (47?;1’%) Ji <4W?AH15> T <4ﬂfﬂAR> 7, (‘WOAH>

k=—00 l=—00 M=—00 N=—00 c & C

AT B 4
- exp <J< il R0t+ ﬂ-fORO+(/€+m)wRT—|—<l+n)wHT>>

Tc c
(C.9)
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The terms k£ =0, m =0, ] = £1 and n = £1 contains the information of the desired heartbeat
first harmonic. Fig. C.7 shows the sensitivity of the system in terms of working frequency
and amplitude that is pretended to be detected.
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Figure C.7: Optimum frequency for heartbeat detection depending on breathing amplitude and
working frequency. Different heartbeat amplitudes and transmitted bandwidths are
analyzed.

Fig. C.7 presents results comparable to the CW case, with the addition of modulation due to
the transmitted bandwidth described in the no-coupling scenario. Consequently, there is no
optimal frequency for vital sign monitoring that maximizes detection. However, using higher
operating frequencies proves to be the most advantageous. Simulations indicate that higher
frequencies enhance the detection of lower amplitude vibrational motions. Additionally, at
higher frequencies, small displacements result in significant phase changes, antenna sizes are
reduced, and beamwidths become narrower.
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Appendix D

Complex-Tone Parameter Estimation

This section discusses the estimation method chosen for determining the amplitude and range
from a complex-tone embedded in noise for radar applications.

The estimation of the parameters of a complex tone in additive white Gaussian noise is a
well-studied problem in communications and signal processing systems. It was previously
formulated by Slepian in the first half of the 1950s [Slep 54]. However, this section follows
the approach carried out by Rife in [Rife 74], since he analyzed the problem of estimating the
tone parameters from noisy discrete-time observations. Unlike Rife’s approach, this analysis
seeks to estimate the range in radar applications, specifically, in LFMCW radar. Therefore,
the parameters of interest in the estimation problem are the tone amplitude A, and the target
range, R, which is derived from the beat frequency and phase.

In an estimation problem, it is important to determine the best estimation that can be made.
This threshold is obtained computing the Cramér-Rao lower bound (CRLB), providing a
benchmark of the minimum variance that an estimator can attain. This bound is given by
the inverse of the Fisher information matrix, I, whose typical element for a parameter 6 is:

0%in p(x;0)
00?

where p(z;0) is the probability density function parameterized by the unknown parameter 6.
Therefore, the CRLB sets that:

1) = —E [ (D.1)

1
UCL?"(Q) Z _E [82 h(};ggm;a)} (D2)
Taking the complex Gaussian probability density function [Kay 93]:
o 1 (m e gWH -1 L
P(3-0) = gy O E — OO O)(E — 7(0))] (D.3)

where 7 is the complex signal, Cj; its covariance matrix and 6 is the parameter vector to be
estimated. In [Kay 93] it is also derived the Fisher information matrix expression:

(D.4)

183



Elias Antolinos Garcia

where zi is a vector of real parameters (it is assumed that 6 is purely complex).

D1 CW

Applying these concepts to the CW radar beat signal, we consider the estimation of the
amplitude A and the range R. We define the complex data ¥ as:

z[n] = sp[n] + w[n] 0<n<N-1 (D.5)
where w[n] ~ CN(0,0%) and the beat signal is:

ol < e [ (21 os

The parameter vector to be estimated is & = [AR]T. Moreover, the covariance matrix,
C; = 0%I does not depend on &, thus, the Fisher information matrix, from Eq. D.4, can be
expressed as:

O (&) 5/1(5)] [Nl Isj[n] 0817[”}]
I(&)];; =2 C; R D.7
1@, - 2| 2o 28] —om| 5 23Ot 0.7)
The partial derivatives are:
sy B (AT foR
)
dsy . Amfo (4rfoR
R =jA L exp (] ( . )) (D.9)
Therefore, the resulting Fisher information matrix is
2 |N 0
1= 5[y (g (D.10)
Upon inversion and knowing that N=1:
var(A) > 5 (D.11)
var(R (47”00) SYE (D.12)

where the signal-to-noise ratio is A%/c?.

D.2 LFMCW

The same procedure carried out in Section D.1 can be followed to obtain the CRLB for the
LFMCW radar. In this case, the LFMCW radar beat signal is:

sp(t) = Aexp( <47TTBCR + 47TfOR>> (D.13)

Cc

184



Appendix D. Complex-Tone Parameter Estimation

Calculating the partial derivatives:

sy (47BR A foR

= = 14
oA exp(g( T t+ . >> (D.14)
dsy . (47B 47 fo . (4TtBR dr foR

aR—jA( To t+ . )exp (j ( T t+ . >> (D.15)

Therefore, the resulting Fisher information matrix is:

no=2" X (D.16)
ot [0 AL (FE+ R |
Knowing that ¢t = (ng + n)7T, assuming ny = 0, and using the following expressions:
= N(N -1
don _NN=1) (D.17)
n=0 2
= N(N —-1)(2N —1
> ont= ( ) ) (D.18)
n=0 6
The CRLB bounds are:
2
A O
A)>— D.19
var(4) > 7 (D.19)
N c\2 o2 1
var(R) > () D.20
(£) 47 2A2Nf§+Bfo(N—1)+% ( )
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Appendix E

Noise 1in radars

This appendix analyzes the impact of different sources of noise in radar systems. Three
sources of noise can be highlighted [Jens 11, Jeni 18]:

o Thermal noise: Thermal noise is typically additive noise, also known as white noise. It
arises from the random motion of electrons and is characterized by a uniform distribution
of energy over the frequency spectrum, following a Gaussian distribution.

o Phase noise: Phase noise is the noise that arises from the rapid and random phase
fluctuations that occur in a signal. It describes how much the phase of the signal
deviates from a perfect periodic signal over a given bandwidth.

o Flicker noise: Flicker noise is an electronic noise that has a power spectral density
that is inversely proportional to the frequency of the signal. This noise is common in
oscillators.

The working principle behind of CW and LFMCW radars is detailed in Appendix A, however,
this analysis is carried out for the ideal case. In these sections, the different sources of noise
are added to the ideal s,(t) (Egs. 2.4 and 2.5). These types of noise are illustrated in Fig. E.1.

A oW A
LFMCW
Phase and ZZ?SS:
Flicker noise
Thermal noise
0 Hz feorner fo f

Figure E.1: Main sources of noise affecting a radar system: thermal noise, phase noise and flicker
noise.
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E.1 Thermal noise

E.1.1 Radar signal models

1. CW radars transmit and receive a sinusoidal waveform of frequency fy. After the
demodulation and filtering processes, the radar baseband signal can be expressed as:

sp(t) = Aexp(jo(t)) + w(t) (E.1)

where A is the signal amplitude, and ¢(t) = @R(t}. Being ¢, the light velocity; and
R(t), the target range, and w(t) the complex white noise, where w(t) ~ CN(0, o?).

2. The working principle of LFMCW is based on transmitting a linear modulated RF
signal, which is reflected by the target. A replica of the transmitted signal is mixed
with the received echoes, obtaining the beat signal. Under the “stop and go assumption”
[Carr 95], which states that the target does not change its position during the radar
sweep time, the beat signal for a point-scatterer at a range R(7) (where 7 is the so-called
slow time!) can be formulated as:

sp(t,7) = Aexp(§ (2 fo(T)t + &(T) + P2(T))) + w(t) (E.2)

The beat signal follows a sinusoidal waveform with a frequency known as beat frequency
2

fo(T) = %R(T), o(1) = AnfoR(T)/c, and ¢o(T) = —%ﬁm. ¢2(T) represents the

residual video phase (RVP) [Carr 95|, which is found to be negligible and can be ignored,

since it is proportional to 1/c?.

E.1.2 CW analysis

The displacement estimation in CW radars is performed for each sample, therefore, N=1.
The CRLB bound that can be attained follows Eq. E.3, the whole mathematical analysis can
be found in Appendix D.1:

A ¢\ o?
var(R) > (47#0) Ve (E.3)

where A?/o? is the signal-to-noise ratio.
The maximum likelihood estimator (MLE) for the CW case is analyzed in [Kay 93], resulting
that:
A c .o 3(313(75))) ¢ o <Q[n]>
R[n] = ——tan™! = tan —_ EA4
] 47 fo (%(Sb(t)) 4r fy I[n] (B4)

IMathematically, the slow time can be expressed as 7; = i - T, with i € Z, so it is a sampled version of the
fast time ¢
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E.1.3 LFMCW analysis

The analysis of the LFMCW radar signal embedded in white noise is equal to the parameter
estimation of a sinusoid, when its parameters are assumed unknown, carried out by Kay in
[Kay 93]. However, since the displacement information can be found in the beat frequency and
the signal phase, it is possible to perform an estimation using both parameters simultaneously.
The whole mathematical analysis has been detailed in Appendix D.2. The CRLB that can be
attained using this approach has the following expression:

¢\ o2 1
var(R) > < 2) 5 5 5 (E.5)
(N—1) |, B2@N-1)(N-1)
nfs) 242 N 25 4 6N /2

where A%/0? is the signal-to-noise ratio and N is the signal length.

The MLE for the LFMCW case is analyzed by Kay in [Kay 93], resulting that:

5 = an’l —Zg;olx[n] Sin(2ﬁfbn) = anfl M
o =t ( SN an) cos(27rfbn) ) ! < Re{X|n|} ) (E.6)

where the frequency has been previously estimated. Thus,
A c 4 (Imag{X|[n]}
R[n) = — |tan™! [ — E.7
= () o™ (et (E)

where X[n] is the Fourier Transform of z[n], and z[n] is the beat signal.

E.1.4 Comparison

The main difference between the two aforementioned estimation problems defined is associated
to the number of samples used to perform the estimation:

e In the CW case, the estimation is performed for each sample, thus, Now =1.

o Inthe LEMCW case, the estimation of the displacement is performed for each transmitted
ramp, thus, N;ryow=fsT', assuming that the target does not change its position during
each ramp ("stop and go assumption").

Therefore, the relation between the estimation of the target displacement of both configurations
is:
Var (Rermcw 1
( ) ) x (E.8)
Var (RCW) Nrryew

Thus, a higher accuracy can be obtained with LEFMCW radars.
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E.2 Phase noise

This noise is added to the phase of the beat signal as the difference between the transmitted
and received phase noise:

sp(t,7) = 0 exp(§(2m fo(T) + G(T) + @2(7) + Opn(t) = Opn(t = Taeray (7)) (E9)

where 6,,(t) is the phase noise in transmission and 7yeq, is the delay that the transmitted
signals suffers before being received (2R(7)/c).

Since it is used for short-range applications, 7geqy is very small, which means that the phase
noise transmitted is practically cancelled. It is possible to calculate the correlation factor
of the phase noise as a function of the distance to the target (due to the delay between the
transmitted and received signal) [Menc 14]:

C = 4sin? (T foo s poes Tdelay) (E.10)

where f; is the frequency offset with the beat signal.

of fset

E.3 Flicker noise

Flicker noise is more significant at lower frequencies and has a 1/f characteristic curve (drops
10 dB/decade). In terms of formulation, it is an additive noise such as thermal noise:

sp(t) = Aexp(jo(t)) + s¢(t) (E.11)

where s (t) stands for the flicker noise of the system.

E.4 Noise simulation

This section analyzes the impact of noise in target displacement estimation, R. For that
purpose, different scenarios are simulated, where the three aforementioned sources of noise are
added to an ideal CW and LEMCW waveform. For these simulations, where the displacement
estimation is carried out for different SNR values, it is important to note that the signal
power is fixed and only the noise power varies.

E.4.1 Thermal noise

Fig. E.2 shows the Cramér-Rao lower bounds derived from Appendix D for CW and LFMCW
configurations and the displacement estimation for CW and LEFMCW configurations. The
utilized configuration parameters are as follows:

o The target is located 0.5 meters from the transmitter and describes a sinusoidal motion
of 8 mm amplitude and a frequency of 0.5 Hz.
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Transmitted center frequency 134 GHz.
Sampling frequency 1 MHz.

No imbalance between I and ) channels.
o LFMCW parameters: B =6 GHz, T = 1 ms.

In Fig. E.2, the Cramér-Rao lower bounds for the CW and LEFMCW cases are presented.
These are given by Eqgs. 2.9 and 2.10, respectively. Additionally, estimates of R in the presence
of complex white noise (WN) are shown.

R estimation
-40 r T T T T T T
— — —CRLB (CW)
WN (CW)
-60 [ — A —CRLB (FMCW) ||
—A— WN (FMCW)
-80
. A
oa)
kel
w -100
%)
=
-120 -
-140 +
-160
-20 -10 0 10 20 30 40 50

SNR (dB)

Figure E.2: Displacement estimation as a function of signal SNR for CW and LFMCW configura-
tions: white noise.

In order to generate thermal noise, the signal amplitude has been fixed and the noise power
has been swept to generate the different SNR values. As can be observed in Fig. E.2, in the
case of LFMCW, an improvement of 10l0g1o(Npryew) = 1000g10(1000) = 30 dB is obtained.

E.4.2 Phase noise

The phase noise simulation is generated using a mask with the phase noise values provided
by the manufacturer, Silicon Radar. The mask chosen is shown in Fig. E.3 (mask 1). On
the other hand, Fig. E.4 shows the displacement estimation in the presence of phase and
white noise for the different mask noise generated in Fig. E.3. Subsequently, Fig. E.5 shows
the displacement estimation for the CW and LEFMCW cases in the presence of phase noise
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(mask 1). It is important to note that the CRLB bounds are obtained for a scenario that
considers only the presence of white noise. Therefore, it is not feasible to attain these limits
in alternative noise environments; nevertheless, they are employed as a point of comparison.

—40 T T T T T T T T T T T T T
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50 F Mask 2| |
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-60 F o

-70 1 .

Sy/A? (dBc)
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-80
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T

-90

-100 | 1

-110 F R R | S | F R R | S
108 10* 10° 108 10/
Frequency (Hz)

Figure E.3: Noise masks provided by the manufacturer.
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Figure E.4: Displacement estimation as a function of signal SNR for LFMCW configuration using

different noise masks.
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R estimation
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Figure E.5: Displacement estimation as a function of signal SNR for CW and LFMCW configura-
tions: phase noise (using mask 1).

E.4.3 Ruido flicker

Fig. E.6 shows the displacement estimation in the presence of flicker noise.

R estimation
-40 r T T T T T T
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Flicker (CW)
-60 [\ - A —CRLB (FMCW) | ]
R —A— Flicker (FMCW)
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N
S
.
—
o
o

Figure E.6: Displacement estimation as a function of signal SNR for CW and LFMCW configura-
tions: white noise and flicker noise.
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Additionally, Fig. E.7 illustrates that the influence of flicker noise is amplified when the beat
frequency approaches the dc-component. Moreover, Fig. E.8 depicts the cumulative effect of
all noise sources on the beat signal, demonstrating that flicker noise has the greatest impact
at low frequencies, particularly in the CW configuration.
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Figure E.7: Displacement estimation as a function of signal SNR for LFMCW configurations for
different beat frequencies in the presence of flicker noise and thermal noise.
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Figure E.8: Spectra of the beat signal and of the different noises affecting the system: white, phase
(mask 1) and flicker.
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Metrics

This appendix enumerates the different metrics and analytical tools employed for the exami-
nation and comparison of the results extracted in this thesis.

F.1 Russell’s Metric

This metric [Russ 97| provides robust means for quantifying the magnitude and phase differ-
ences between two time histories separately, and the comprehensive error. For two time series
sl and s2, with energy F; and Fy, and length N, the magnitude error is defined as:

oy = sign(rme)logio(1 + |rmel) (F.1)

where rme represents the relative magnitude error, which is defined as the following expression:

(F.2)

The following equation represents the phase error:

N .. .
op = 1 cos ! (Zi:l ot 821) (F.3)

T \VEs, - B,

And the comprehensive error results in the next equation:

o0 = [ 7(0% + %) (F.4)
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F.2 Error metrics for cardiac activity analysis

The HR and HRV extraction has been evaluated using five error metrics:

Mean absolute HR error (MAEug;): It represents the mean absolute error between the
dynamic HR extracted with the radar and the ECG reference.

1 N
MAEug; (bpm) = N > [HRyadars — HREcG .| (F.5)
i=1

where HR,aqar,; and HRgcq ; represents the HR for the radar and ECG for the ith-instant.

Absolute mean HR error (AE {ﬁ}): It represents the absolute error between the mean
HR extracted with the radar and the ECG reference.

AE{HiR} (bpm> = ‘ﬁradar - I—171:{ECG (F6)

where HR,4ar and HRpcq represent the mean HR value for the radar and ECG mea-
surements.

Mean absolute HRV error (MAEygy}): It represents the mean absolute error between
the HRV value extracted with the radar and the ECG reference.

N

1
MAEgryy (ms) = N > |HRV adar; — HRVEca,i] (F.7)
=1

where HRV 44ar; and HRVgcq,; represent the HRV for the radar and ECG for the
ith-instant.

Relative mean absolute HR error: It represents the mean relative absolute error between
the HR extracted with the radar and the ECG reference, expressed as a percentage.

N

1
Relative MAE gy (%) = N >

i=1

HRradar,i - HRECG,i
H Rgcai

-100 (F.8)

Relative mean HR error: It represents the mean relative error between the mean heart
rate extracted with the radar and the ECG reference, expressed as a percentage.

I—171{1%\, ar — HiR
Relative AEgg, (%) = ‘ dar - ECG

- 100 F.9
HREce (£.9)
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F.3 Bland Altman Analysis

Comparing two methods of measurement to determine their level of agreement is common
practice in healthcare research. To assess the degree of agreement, it is crucial to select an
appropriate statistical method. Although the correlation and linear regression are commonly
used to evaluate agreement between two measurement methods, it is important to note these
methods measure the linear relationship between two set of data but no their agreement.
Therefore, it is not recommended for assessing comparability between methods [Giav 15].

In 1983, Altman and Bland proposed a method for comparing two measurement methods.
They highlighted the problems of using metrics, such as correlation, for this purpose [Blan 86:

o High agreement can only be achieved if the points lie along the line of equality, while
high correlation can be achieved if the points lie along any straight line.

o Changing the scale of measurement does not affect the correlation, but it does affect
the agreement.

The proposed method is based on quantifying the agreement between two quantitative
measurements by establishing statistical limits of agreement. These limits are determined
using the mean and standard deviation of the differences between the measurements.

The Bland-Altman (B&A) plot illustrates the difference between the two methods on the
Y-axis and their mean on the X-axis. Additionally, it assumes that the variances are normally
distributed, meaning that 95% of the differences will fall within the range of [d—1.965s, d+1.96s],
where d is the bias estimated by the mean difference and s stands for the standard deviation
[Blan 86]. The differences can be expressed also as percentage, which is helpful when the
variability of differences increases with the magnitude of the measurement [Giav 15]. It is
important to note that the B&A plot only defines the limits of agreement (LoA) and does not
indicate whether these limits are acceptable for the desired application. These limits should
be defined beforehand based on the needs or requirements of the application. An example of
the B&A plot is presented in Figs. F.1 and F.2.

R?-0.9
1200 [n=7874

1000 |
800 1

600 f

IBI ECG (ms)

400 1

200 1 /

‘ ‘ R -0 ‘
200 400 600 800 1000 1200
IBI Radar (ms)

Figure F.1: Comparison between the two measurements using correlation. R? stands for the
Pearson coefficient and n is the number of samples. The line y = x is also plotted.
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Figure F.2: Bland-Altman plot for the comparison between the two measurements. From left to
right: the B&A plot expressed in natural units and the the B&A plot in percentages.
LoA are marked using a dashed line.

This example compares two methods for the IBI extraction with an ECG and radar. Firstly,
Fig. F.1 show the relation between both using the correlation, with a result of R? of 0.9.
However, this plot does not give information about the level of agreement of both methods.
On the other hand, Fig. F.2 shows the B&A representation, where the differences between
both methods are represented against their mean, (method A + method B)/2. This figure
shows the bias, the LoAs and the percentage of points which are within the LoAs.
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Database wavelet decomposition
analysis

This appendix presents the analysis conducted to determine which is the best wavelet for
each waveform (heartbeat, heart sounds and skin wall acceleration) at each location (carotid,
chest and wrist). The analysis utilizes the database outlined in Section 3.5.

The wavelet decomposition is performed using the following 60 orthogonal wavelet transforms:

o Best-localized Daubechies: {7, 9, 10} e Han linear-phase moments': {2,3}.3,
o Beylkin {4,5}5

o Coiflets: {1-5}

o Daubechies: {1-20}

o Fejér-Korovkin: {4, 6, 8, 14, 18, 22}

o Morris minimum-bandwitdth?: 4.2,
{8,10, 12,14, 16, 18,24, 32}.3,8.4

o Symplets: {2 -8}

o Vaidyanathan
e Haar

The vital sign waveforms were reconstructed after the wavelet decomposition following this
criteria:

o Heartbeat waveform: It selects the modes which frequency range lies between 0.8 and
3 Hz. The resulting waveform is filtered with a 4th-order Butterworth high-pass filter,
so as to reduce the influence of breathing and random body movements. The cutoff
frequency selected is 0.9 fgmin-

o Heart sounds: It selects the modes with frequencies ranging between 10 and 30 Hz.

o Skin acceleration waveform: In contrast to previous cases where the radar displacement
signal was decomposed, this analysis focuses on the acceleration signal, specifically
selecting the modes characterized by frequencies ranging between 10 and 30 Hz.

'Han linear-phase moments SR.LP, where SR is the sum rules and LP is the order of linear-phase moments.
2Morris minimum-bandwidth N.L, where N is the number of filter coefficients (taps) and L is the level of
the discrete wavelet transform used in the optimization.
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The criteria followed to determine the best wavelet transform is the one that minimizes the
MAEury (see Appendix F.2), using the ECG as reference. The overall results are displayed in
Table G.1, showing the mean error obtained with all the wavelets and its standard deviation.

Table G.1: Analysis of the optimal wavelet decomposition: summary results.

Waveform Focusing | MAEugr) | Optimal
region (bpm) wavelet
Heartbeat Carotid | 3.61 + 0.18 k8
Heart sounds | Carotid | 2.86 £ 0.10 | haar/dbl
Acceleration Carotid | 1.85 4+ 0.08 mb8.4
Heartbeat Chest | 6.32 £ 0.16 | haar/dbl
Heart sounds Chest 1.83 £ 0.31 k4
Acceleration Chest 1.31 £ 0.07 mb8&.4
Heartbeat Wrist 3.75 £ 0.13 coifl
Heart sounds Wrist 7.25 £ 0.33 mb8.3
Acceleration Wrist 8.94 £ 0.08 | db2/sym2

200




Appendix H

Real-time Application Implementation

This appendix details some of the processes developed for the real-time implementation of
the vital sign monitoring tool using radar.

H.1 Radar Acquisition Process

This section presents the radar acquisition process implemented, which is exemplified with
the AWR2243BOOST case. As previously stated, the radar system transmits the unprocessed
data to the PC via the Ethernet connection, which is situated on the DCA1000 board. This
data is transmitted using the UDP protocol. The radar data stream is queued into a UDP
buffer, which is implemented by the Windows operating system (OS). The queued packages
are extracted by an UDP server implemented in C4++. This server obtains the UDP packages
from the OS buffer, verifying the sequence number of the radar package to identify any losses
and replacing them with zeros, thus ensuring signal rate integrity. Subsequently, the extracted
payload of each packet is queued into a circular buffer, which is read at a sample rate of 100
Hz (PRF of the system) by an external process implemented in Simulink.

The UDP client implemented in Simulink is also responsible for the separation of the data
stream into chirps and virtual channels. The flowchart, which illustrates the radar acquisition
process, is presented in Fig. H.1.

4 Acquisition process\
- X —
Server UDP [C++] Client [Simulink]
Radar [0S] Raw
stream | UDP buffer | A Raw data Circular data | Channel > Virtual
—oesr _III— — :
Eth. (UDP) uDP extraction buffer extractor channels

-

f; = 100 Hz

Figure H.1: Flowchart with the real-time acquisition process.
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Furthermore, the variability in the delay estimation is a consequence of this block. As
previously stated, this is due to the fact that the Windows operating system is not a real-time
OS. Consequently, all requests are processed on a best-effort basis, without any guarantee of
a specific response time. Consequently, the delay resulting from the UDP buffer is variable
and it is estimated based on the circular buffer filling, given that the bitrate is known (for the
latter synchronization with the external reference).

H.2 Heartbeat Waveform Extraction from Heart Sounds

Section 3.5 has demonstrated that the most accurate heart activity extraction is obtained
from the heart sounds. Therefore, this signal is chosen for the heart rate estimation. With
the aim of applying a Schmitt trigger block, such as in the breathing rate estimator, the heart

sounds has to be processed.

For that purpose, an additional processing step is applied, which is inspired by the Pan
& Tompkins algorithm developed for the QRS complex detection in ECG [Pan 85]. The
extracted displacement is filtered within the heart sounds frequency band. Subsequently, the
heart sounds signal is squared to make all the values positive and enhance the peaks. Then,
a moving window integrator is applied to the squared signal to sum the values over a short
period, smoothing the signal. Finally, the resulting waveform is filtered in the heartbeat
frequency range. An example of this process is illustrated in Fig. H.2.
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Figure H.2: Heartbeat waveform extracted from the heart sounds. From top to bottom: heart
sound signal, output of the average moving integrator, and resulting waveform after

bandpass filtering.
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H.3 Vital Signs Rate Estimation and Apnea Detector

As previously stated, the vital signs rate estimation is carried out in the time domain. The
breathing and heartbeat waveforms are processed using a processing equivalent to a Schmitt
trigger [Fila 94], obtaining a digital signal from which the rate is calculated, as shown in
Fig. H.3. This is achieved by measuring the time difference between rising edges. The
amplitude threshold in the breathing rate estimator has been set to 0.5 mm, as the maximum
heartbeat amplitude is below 0.5 mm [Bori 15], thus, the apnea episodes do not generate
a trigger. In contrast, the threshold for the heart rate has been set to detect zero crosses.
It is also important to note that if the measured breathing and heart rates fall outside the
normal ranges (between 6 and 42 breaths/min, and between 48 and 180 bpm), the rates are
not updated and the previous rate is maintained. In the case of apnea, the breathing rate is
set to 0 breaths/min.
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Figure H.3: Breathing waveform acquired with the radar and trigger signal generated.
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